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A computational neural and biomechanical system for human bicycle pedaling is

developed in order to study the interaction between the central nervous system

and the biomechanical system. It consists of a genetic algorithm, artificial neural

network, muscle system, and skeletal system. Our first finding is that the genetic

algorithm is a robust tool to formulate human movement. We also find that our

developed models are able to handle mechanical perturbation and neural noise. In

addition, we observe variability and repeatability of pedaling motion with or without

perturbation and noise. Movement phase dependent feedback nature is seen through

computation too. This system shows many human movement qualities and is useful

for further neural and motor control investigations.
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Chapter 1

Introduction

1.1 Background

The sensory motor system plays an essential role in coordinating human move-

ment [23, 67]. Although geometry of the skeletal system, bone and soft tissue

mechanical properties, and surrounding environment certainly a↵ect the kinetics

of human movement, the sensory motor system is the command center to execute

movement. The system plans movement, activates muscles through many channels

from the central nervous system (CNS), detects movement information, and feeds

information back to the CNS. Feedback signals are processed in the CNS and utilized

to coordinate and learn human movement [9, 18, 67].

Each sensory motor system has its own role; however, each subsystem is

not able to coordinate or learn human movement without help from other systems.

For example, muscles can generate forces as actuators, but muscles per se can not

coordinate human movement. Without movement planning and feedback, muscles

would create a jerky movement, which is not desirable in any human movement
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one can think of: gait, running, writing, drawing, sports, or playing musical instru-

ments. It is also clear that the muscular system does not have any capacity to learn

movement. On the other hand, the sensory system along with many neurons in the

CNS detect movement information and send commands to muscles, but these can

not generate forces.

It is evident that one needs to take into account all systems to investigate

human motor control; however, surprisingly most motor behavior research focuses

only on one or two subsystems and ignore the others. Neuron’s chemical and elec-

trical properties have been revealed by both experimental [67] and analytical ap-

proaches [23, 72, 121]. Also, a large amount of research has been conducted to

understand the muscular system [159]. The sensory system related to human move-

ment coordination has been one of the major topics in neuroscience [81, 82, 142, 143].

However, little e↵ort has been directed to understand the total mechanism of human

movement coordination and learning.

There are two major fields that accommodate researchers in human move-

ment coordination and learning. One is biomechanics [152] and the other is called

motor control or neuroscience in a broader sense. Although there is no clear border

between the areas, biomechanics tends to focus on the muscular system, the skeletal

system, and the kinetics of movement [152]. This field studies the mechanics of hu-

man movement. Researchers in neuroscience study neural activities during human

movement without paying much attention to mechanics of movement [9, 18, 25, 67].

Both fields have the common goal of understanding acquisition and coordination of

motor behavior.

There is a realistic possibility that this type of neural and biomechanical

2



Resultant Movement

Neural Biomechanical System

Neural System
(CNS)

Biomechanical System
(Muscle and Skeletal-Bike Mechanics)

Figure 1.1: Combination of the neural and mechanical system can reveal human
movement coordination and learning.

system research will further assist the development of brain-machine interface. An-

imal experiments showed that cortical neural signals were able to control robotic

systems [102, 150], and this technology will likely to open the door for applications

in treatment of injury and neural movement disorders [101]. As various kinds of

systems approach realistic medical applications [87, 129], more reliable analytical

models are required to control the systems [103]. Therefore, neural and biome-

chanical studies are not only curious scientific research targets but also important

subjects from practical points view in medicine and rehabilitation.

It is essential to consider the total system that includes both neural and

biomechanical systems in order to understand coordination and learning of human

movement. Such a system will be called the neuro-biomechanical system in this

treatise (Figure 1.1). The CNS sends neural signals to the mechanical part of the
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system to generate forces and create movement. On the other hand, the neural

part receives mechanical information and integrates it for fine tuning and learning

of movement. Both systems can not work independently, and it is crucial to con-

sider the inter-coordinated neural and biomechanical system to investigate motor

behavior.

With these in mind, it is desirable to develop a theoretical neuro-biomechanical

model of human movement to analyze how the CNS coordinates human movement

in relation to mechanics of the skeletal system. The human brain contains 1011 neu-

rons, and there are as many as 10,000 di↵erent types of the cells [67]. It is impossible

to take all neurons into account by both experimental and theoretical perspectives

at this moment. Therefore, the size of the neuro-biomechanical system must be

reduced without losing generality. Using limited numbers of limbs and muscles can

certainly contribute to reduction of the model. If one focuses on functional roles of

some particular types of neurons instead of 10,000 kinds of cells, one is able to handle

a compact model. A relatively simplified neuro-biomechanical model can still show

significant aspects of the CNS control of human movement. Among the four ma-

jor levels of neuroscience, which are molecular, cellular, system, and behavior, the

present study will primarily focus on system and behavior components with some

cellular level considerations. This research will not include molecular mechanisms.

We will aim to investigate these mechanisms through such a compact model

to investigate roles of mono-synaptic Ia feedback gain modulation in human move-

ment coordination. Although earlier researchers experimentally presented Ia a↵er-

ent gain modulation taking place during human movement such as pedaling and

gait [3, 14, 16, 22, 134, 155], no one has demonstrated the systematic interpretation

4



of gain change since these experiments conducted almost two decades ago. Past re-

search has merely focused on measurement of gain modulation and did not study the

integrated gain modulation e↵ects. Therefore, it is extremely valuable to develop a

theoretical neuro-biomechanical model of proprioceptive control that will reveal the

roles of spinal feedback gain modulation during human movement. The model also

has the potential to give insights into general motor control schemes.

1.2 Hypothesis

The hypothesis of this research is that a neuro-biomechanical human motor control

model can be developed to investigate the e↵ects of stretch reflex feedback and

gain modulation in the CNS during pedaling. Specifically, movement recovery from

external perturbation and internal noise and stable pedaling repeatability are the

focus. A major reason to select pedaling as a target motion is that there has been

numerous research on both neuropysiological and biomechanical aspects of pedaling

which can be used to validate the developed model [15, 49, 96]. It includes studies

of Ia feedback gain modulation, kinematics of limbs, pedal reaction forces, EMG

studies of major muscle groups recruited in pedaling, and biomechanical computer

simulations.

At the initial stage, we will construct the biomechanical part of the model

followed by integrating neural components. The biomechanical part includes the

skeletal system and the muscular system. The neural part basically consists of the

motion planning unit and feedback elements at the spinal level. The unified neuro-

biomechanical model will be validated by biomechanical experimental data. The

purpose of the present research is to analyze feedback through mechnoreceptors and

5



roles of neural noise reflected on dynamics and kinematics of human movement.

1.2.1 Specific goals

Specific goals of this study are summarized as follow.

• Goal 1: Development of genetic algorithm programs for search and optimiza-

tion.

• Goal 2: Construction of an artificial recurrent neural network that mimics

feedback control flow of human movement.

• Goal 3: Development of a muscle model and a skeletal system.

• Goal 4: Combine all components for human movement simulation, in partic-

ular, pedaling motion in this study.

• Goal 5: Computer simulation of pedaling motion over one or more cycles of

pedaling.

• Goal 6: Adaptive behavior of the model to external mechanical perturbation.

• Goal 7: Learning capacity of the computational model with the presence of

internal neural noise.

• Goal 8: Kinematic variability and repeatability in coordinated movement.

• Goal 9: Evaluation of feedback gain at the spinal level.

• Goal 10: Development of an extensive computer code for neural and biome-

chanical modeling that can be used by other neuroscientists in future research

studies.

6



1.2.2 Limitations

There are several limitations in the present research. First, all of our artificial neural

network nodes have the same mathematical property unlike biological neurons in the

CNS. There are many types of neurons in the CNS, and their behavior is di↵erent.

On the contrary, our artificial neural network has many neural units that perform in

the exact same way under the same mathematical notation. The reason why many

neurons are introduced in our model is not to incorporate many types of neurons

but to create a distributed system that does not heavily rely on one component of

the neural network. Thus, it is di�cult for us to elucidate each individual neuron’s

role of the biological neural system by using our artificial neural network in this

study.

Second limitation is that our biomechanical system is simplified in terms of

joint geometry, mechanical properties of soft tissue, and muscle model. Each skeletal

body is treated as a rigid body in this study, and all of them are linked with hinge

joints. Human body is essentially a collection of soft tissues. This di↵erence is one

simplification. Also, all human joints consist of complex geometry, soft tissue, and

lubrication factors. We simplify these too. It is reasonable to say that our model is

not designed for detailed movement analysis.

In spite of these limitations, the model is still capable of analyzing gross

motion and overall neural system capacity in terms of movement learning and coor-

dination. When detailed analysis of joint movement is needed in orthopedic biome-

chanics, one probably needs a complex joint model that includes three dimensional

surfaces of joint and associated soft tissues. When our focus is on an individual

neuron, we probably need to develop a model with knowledge in cellular physiol-

7



ogy. Our focus is how the CNS as the summation of many neurons control human

movement. Therefore, it is still thought that our model development at the system

level of neuroscience is able to achieve our research goals.
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Chapter 2

Literature review

Research literature on spinal level gain modulation during human movement, partic-

ularly in pedaling, is subdivided into four categories: measurement of gain modula-

tion, mathematical modeling of neural control, experimental pedaling biomechanics,

and mathematical models of pedaling biomechanics. However, it is appropriate to

first review studies on proprioceptive control in general, along with an overview of

the spinal neural network. And then, review on noise, variability, and stochastic res-

onance will follow because these factors a↵ect movement coordination. And then,

we will go over each of the four categories that are specifically related to pedaling.

2.1 Proprioceptive Control

Proprioceptors are sensors of human movement. Many aspects of the muscle spindles

have been revealed by the experimental work of Matthews [81, 82]. Muscle spindles

consist of Ia and II type fibers. Ia a↵erent axons which are connected to the primary

ending of muscle spindles convey information on the changing rate of the muscle
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spindle, which is thought to be very close to the speed of muscle length, by taking

into account that muscle spindles are located parallel to muscles themselves. II type

axons carry primarily information of the length of muscle. The sensitivity of the

receptors connected to these a↵erents are controlled by gamma motor neurons. By

the combination of gamma motor neurons and Ia and II a↵erents, there are many

ways to change feedback control mechanisms. In addition, there are force receptors

located in the tendon and angle receptors placed in joints. A simplified schematic

of the spinal neural circuit is shown in Figure 2.1.

Significance of proprioceptive feedback control has been emphasized in many

review papers [30, 54, 59, 112, 133] in neurophysiology. It has been shown that in

addition to the central program, feedback components play a very important role in

motor control. Since a↵erent inputs to the CNS are widely distributed in the neu-

ral system, there are still many functions that have not been identified yet. Spinal

reflexes including short latency reflexes and long latency reflexes are considered as

major functions to control movement. Transcortical circuits also convey a↵erent

information from muscles and control contraction of muscles by a long pathway

through the motor cortex [7]. Ghez [45] suggested that proprioceptive information

is essential for organizing interjoint coordination on the basis of various experi-

ments [125, 126]. Spinal control mechanism attracts our attention because it is not

a static system as seen in spinal plasticity [153, 154]. Plasticity means dynamic in

learning and recovery from dysfunctional state caused by injury and disease.

Such feedback loops are important in orthopedics too. There have been

reports that knee ligament to muscle [42, 84] feedback is essential to functional knee

movement. Friemert et al. [42] reported that mechanical stimulation of the anterior
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cruciate ligament (ACL) elicited hamstring reflexes. Recent findings by Melnylk et

al. [84] indicated not only mechanical stability of the knee joint but also functional

feedback signals from ACL to muscles are essential to coordinate knee movement.

ACL injured patients often claim knee instability ”giving away” symptom. Their

results showed ”giving away” was more closely related to altered reflex excitability

due to ACL rupture than mechanical instability. In other words, these patients

feel their knees are not stable even though the knee is mechanically stable. This

indirectly indicates that the CNS interprets di↵erently because of lack of feedback

in spite of the same joint mechanical states. Using ligament feedback signal appears

to be essential to restore movement that patients are satisfied with.

Also, reflex study is important in gerontology [90]. Spinal reflex declines

with normal aging, and this a↵ects motor output of elder people. Discharge rate,

nerve conduction speed, and sensitivity of muscle spindle change with age. Reflex

pathway degeneration, the number of motor neurons, and soma size also change. All

of these along with presynaptic inhibition, motor axon, and neuromuscular junction

a↵ect reflex ability in elderly. Because activity-dependent spinal cord plasticity [154]

occurs, applications in medicine and rehabilitation include postural control [71],

balance [91], and strength training [127].

Looking at analytical aspects of the feedback loops, Gottlieb et al. [48] and

Angers and Delisle [5] developed mathematical models of the muscle spindles. Both

groups developed linear models. Although the models qualitatively showed similar

functions measured in experiments [81, 82], one can improve the quality of the

models by introducing nonlinear terms. One of the significant contributions in

these studies was showing that gamma motor neuron activities can largely change
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discharge patterns from the muscle spindles.

One of the important and simple proprioceptive controls is Ia type monosy-

naptic feedback, especially stretch reflex. Signals from Ia a↵erent fibers are sent

directly to motor neurons in the spinal cord. Excitability of motor neurons is influ-

enced by signals from Ia a↵erent fibers. There is only one synapse in this feedback

loop. Among the many neural schemes to organize human movement, it is the sim-

plest component; however, there are many important functions supported by this

reflex loop.

In order to investigate the role of stretch reflex during locomotion, Andersen

and Sinkjær [3], and Yang et al. [155] developed experimental systems by which

plantar flexors are stretched during human locomotion. When muscles are stretched,

primary endings, which are sensitive to the changing rate of muscle length, discharge.

This signal is sent to motor neurons through Ia a↵erent axons, and the action

potential of motor neurons is a↵ected by this signal. The systems developed by

Andersen and Sinkjær, and Yang et al. allowed them to record EMG changes when

muscles of subjects are stretched. They concluded that feedback components during

locomotion were significant. They also observed feedback gain modulation during

locomotion [131, 134, 155]. The methods used in this research could measure the

short latency reflex, which is typically seen with about 50 ms latency for lower

extremities. Short latency reflex is considered a monosynaptic reflex since there are

other reflexes seen after the short latency one. These are called long latency reflexes

and are thought to involve two or more synapses.

Gorassini et al. [47] and Hiebert et al. [57, 58] also found the importance of

Ia feedback using cats. Cats performed corrective responses when one of the legs
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entered a hole on the ground. On the basis of the notion that feedback from Ia

type muscle spindle fiber could elicit some neural activities for corrective responses,

they stimulated the group I fibers of a leg when the leg entered the hole. Although

there was no discharge from the muscle spindles, artificial signals toward motor

neurons existed as if the leg touched the ground. They saw no corrective responses

of the cat when the group I fiber was stimulated even if the leg went into the

hole. Therefore, they concluded that signal feedback from the group I, possibly

monosynaptic feedback, was the most important component to control locomotion

in cats. Prior to this research, the same group headed by Prochazka [110, 111]

found evidence that the sensitivity of the muscle spindles were task dependent.

These studies indicate that Ia type proprioceptive control is one of the very essential

components of motor control.

In addition to this research, there are numerous other studies supporting

the importance of proprioceptive feedback [12, 78, 144]. Llewellyn et al. [78], for

example, found that H-reflex gains during beam walking were di↵erent from that

during normal treadmill walking. When a↵erent nerves are stimulated by a pair

of electrodes, muscle activities measured as EMG magnitude are altered by both

stimulation and gain at motor neurons. By comparing the magnitude of stimulation

and altered EMG due to stimulation, it is possible to measure gain at motor neurons.

This procedure is, in general, called the H-reflex test, although there are various

methods based on this basic process. Human H-reflex is considered to represent

monosynaptic reflex [12], so monosynaptic reflex schemes during these movements

are said to be di↵erent from each other.
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2.2 Noise, variability, and stochastic resonance

Neural noise and variability [73] needs to be taken into account at the spinal level

too. Variability of movement [99] is the result of noise and variability at the di↵erent

levels of the neural system. Faisal et al. [36] said trial-to-trial variability has two

sources. Di↵erent initial states cause following di↵erent time histories of neural

system states. Also, noise is the major source of variability.

Faisai et al. [36] brought up di↵erent kinds of neural noises. Sensory noise is

one of them. Thermodynamic states a↵ect biological sensors including mechanore-

ceptors that we are going to deal with in this research, and detected sensor signals

create noise in the signal amplification process. At cellular level, there are several

factors that a↵ect neural variability such as internal states of neurons and networks

and random process. Electrical noise causes membrane potential fluctuation of the

cell. Because of nonlinearity of action potential generation, electrical noise can in-

fluence cellular level variability. Channel noise also creates variability of action po-

tential propagation. In addition, postsynaptic variability is observed when identical

stimuli is applied to presynaptic cell. Motor noise causes variability at where CNS

signals convert into force. Previous histories of muscle fiber contractions, cellular

noise, and biochemical factors are also sources of variability at this level.

Our daily perception toward the word of noise may be negative, but noise has

a unique role in the CNS. Moss et al. [88] summarized roles of noise and stochastic

resonance [53] in animals and human. Appropriate level of external noise can en-

hance the detection of signals at sensory neurons because of electrical nonlinearity of

neuron. Examples include crayfish sensory system, paddlefish perceptive ability, and

human tactile system. Similar e↵ects in human mechanoreceptors are reported [37],
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and Martinez et al. [80] also found functional roles of noise and stochastic resonance

in reflex pathway. This research associated with neural noise and stochastic reso-

nance indicate not only sensory but also motor systems take advantage of noise to

enhance function.

In addition to these studies at the neural level, variability in kinematics and

kinetics are evaluated to assess movement functionality. Dingwell and Cavanagh [31],

for example, investigated movement variability of neuropathy patients. They found

increased variability is more closely related to walking slow rather than sensory loss.

Kang and Dingwell [68] reported increased variability in elderly is associated with

loss of strength and flexibility. This variability analysis in biomechanics are useful

for assessment of total knee replacement [83]. Neural noise and variability eventually

cause movement variability in kinematics and kinetics.

2.3 Measurement of spinal feedback gain modulation

The present research will focus on gain modulation of Ia type monosynaptic feed-

back loops. We have generally discussed the indispensable functions of monosynaptic

feedback control in the previous part. When signals from Ia a↵erent axons are trans-

mitted to motor neurons, these signals are modulated by some gain. Gain during

various human movements such as locomotion and pedaling have been investigated,

and researchers found gain modulation takes place during these movements. Al-

though there has been no irrefutable interpretation of the role of gain modulation

so far, it is believed that gain modulation is essential in motor control.

Gain modulation has been studied mainly by two methods: H-reflex test

and stretch reflex test. Gamma motor neuron functions are not involved in H-
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reflex since a↵erent axons are stimulated in this case. On the other hand, the

stretch reflex test includes the e↵ects of gamma motor neurons. It has been found

that there exists relatively minor di↵erence between the results by H-reflex test and

stretch reflex test [4, 132]. Further, overall gain patterns measured by both methods

are similar. Therefore, gain modulation patterns measured by both methods can

be used to study the gross motion control of human movement. These reflex tests

reflect monosynaptic reflex characteristics by considering reflex latency [12].

Stretch reflex gain during locomotion has been investigated by stretching

ankle extensors during locomotion [3, 131, 134, 155]. Yang et al. [155] and Stein [134]

found modulation of stretch reflex gain of the soleus muscle during the stance phase

of locomotion. In both studies, a pneumatic device was able to stretch the soleus

muscle at various times during the stance phase of walking. They concluded that

the contribution of stretching the muscle to the activation of the soleus muscle was

estimated to be 30% to 60%. Furthermore, they saw few di↵erences in the reflex

gain modulation pattern between H-reflex and stretch reflex.

A similar system to measure reflex gain has been developed by Andersen and

Sinkjær [3, 4, 132]. The advantage of their system over the one used by Yang et

al. [155] and Stein [134] was that it was possible to deliver a stretch throughout

the walking cycle. Also, precisely measured joint angular velocity and angle by this

system enabled them to perform detailed investigation of the stretch reflex role.

Sinkjær et al. [131] recorded modulated reflex gain of the soleus muscle,which led

them to suggest the significance of the functional role of gain modulation. Their

comparison between H-reflex and stretch reflex also indicated that the overall pat-

tern of these reflex gains is the same. The group headed by Sinkjær used the same
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system to study the soleus stretch reflex gain during pedaling and found that the

gain reached the maximum between 60 and 90 deg in crank angle and decreased

over the later phase of the down stroke [50, 148].

Akazawa et al. [2] investigated stretch reflex gain during cat locomotion.

Although this was a fictive locomotion study, it also suggested modulated stretch

reflex gain. Fictive locomotion means that the tested leg is held and does not touch

the ground while the other three legs move as they normally walk on the ground.

Inasmuch as they used a mesencephalic cat, modulation took place at the spinal

level but not in the brain. It also suggested the influence of gamma motor neurons

on gain modulation was minor.

Yang and Whelan [156] reported soleus H-reflex modulation in human walk-

ing. They found the H-reflex was very depressed in the swing phase of walking. They

concluded that H-reflex modulation is not simply the reflection of the background

excitability of the motor neuron pool. The suggested mechanism of modulation

was presynaptic inhibition of the primary a↵erents, as proposed by others [12, 22].

Capaday and Stein [19] also reported similar H-reflex modulation.

Larsen and Voight [76] investigated H-reflex modulation of quadriceps during

pedaling. Their findings indicated H-reflx is modulated in quadriceps too as observed

in soleus. They also measured reflex patterns in both 80 and 40 rpm and found the

di↵erent patterns between the two. H-reflex modulation in sitting positions was not

significantly di↵erent from pedaling movement case. These results indicated reflex

mechanisms were probably di↵erent between static and dynamic cases.

In addition to these H-reflex studies during locomotion, gain modulation

during pedaling has also been investigated [15, 16, 22, 26]. Brooke et al. [16] found
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that the soleus H-reflex magnitude was highest in the power producing phase and

lowest in recovery during pedaling. This result, combined with previously reviewed

results of walking, leads one to believe task dependent gain modulation plays an

important role during movement. Brooke et al. [17] also measured H-reflex gain of

tibialis anterior with passive pedaling movement and found attenuated gain.

Further research on gain modulation during pedaling [22, 26] revealed more

detailed mechanisms. Cheng et al. [22] showed that H-reflex magnitude is dependent

on both pedaling frequency and rate of stretch. Although the rate of stretch was

not directly measured in this study, the results generally indicated that the most

powerful e↵ect on H-reflex is from receptors sensitive to rate of stretch. Also they

indicated some heteronymous H-reflex, for example, from vasti to soleus. Animal

experiment [21] showed that corticospinal tract (CST) was essential in acquisition

and maintenance of H-reflex while other supraspinal pathways were not significant.

This finding leads to the idea that CST’s impact on spinal cord plasticity has future

practical implication in medicine. Molecular biology technique allowed researchers

to create Ephrin-B3 knockout mouse that showed di↵erent CST development process

and gait pattern from those of wild type mouse [74]. It is expected that this kind of

genetically engineered animals will contribute to understanding of the roles of CST

in movement coordination.

In summary, gain modulation through Ia a↵erent feedback has been observed

during gait and pedaling. Although there has been found relatively minor di↵erence

between the results by H-reflex and stretch reflex, overall similar reflex gain modu-

lation patterns have been reported by both methods. In pedaling, gain reaches the

maximum between 60 and 90 deg in crank angle and decreases over the later phase
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of the down stroke [15, 50, 148]. It is reasonable to speculate that there is some

functional role related to this modulation in human movement control.

2.4 Mathematical spinal feedback control models

There are basically two approaches to modeling human movement. One includes

mechanical or biomechanical features of human movement with less emphasis on the

CNS functional role. On the other hand, the other type of research tries to reveal

detailed neural functions as much as possible with little attention to biomechanical

structures such as skeletal and muscle systems. Both have advantages, but it’s ideal

to include both neural and biomechnical systems since they are not separable as

discussed in Chapter 1.

Todorov [142] reviewed the di↵erence between feedback control model in-

cluding closed-loop and open-loop scheme in sensorimotor control. His discussion

focused on general control strategy than applications in medicine and rehabilita-

tion. Yet, basic concepts discussed in his articles [142, 143] can be probably useful

in clinical field too. Open-loop computational models successfully generate move-

ment trajectories without sensory feedback. This kind of model generates the same

result trial after trial in theory and computation; however, this repeatable feature

does not necessarily reflect real movement. For example, we can observe trial-to-

trial variability in movement. Even if each trial does not formulate the exact same

trajectory, one can recognize it as ”successful” movement as far as some kind of

criteria are satisfied. In other words, our cognition allows movement with certain

distribution. Closed-loop feedback control scheme can produce this kind of realistic

feature and handle noise, uncertainty, time delay, and speed-accuracy trade-o↵.
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Human gait is believed to be controlled by the neural network in the CNS

called the central pattern generator (CPG) [25, 51, 52], and computational models

on the basis of the CPG concept have been developed [139, 140, 141, 158]. CPG is a

group of neurons to synthesize autonomous periodic patterns to coordinate human

gait or more generally vertebrate locomotion. The aim of Yuasa and Ito [158] was

to generate rhythmic patterns of neural activities similar to those seen in CPG in

locomotion and swimming. They used oscillators to generate the patterns. They

could successfully generate swimming and gait patterns. In this study, they sim-

ply showed a possible neural mechanism of rhythmic movements, but they did not

discuss any relation between biomechanical characteristics and the neural system

which they developed.

Taga et al. [141] and Taga [139, 140] have developed a human locomotion

model by using oscillators. Although his original model [141] did not have muscle

components, the later developed version [139, 140] had muscle-like actuators. The

muscle-like actuators generated forces, but did not have mechanical characteristics

of muscle, and origin and insertion sites of these muscles were not realistic. Taga’s

model showed many kinematic characteristics of human gait, and suggested a possi-

ble CPG mechanism to control human gait. His models also included some feedback

components such as angles of limbs. This feedback did not always represent realistic

human feedback system. Taga’s works [139, 140, 141] were conceptual while Ogihara

and Yamazaki [104] developed their model that includes more realistic features and

possible applications in their sight. A similar model including CPG and feedbacks

from mechnoreceptors was also proposed by Paul et al. [108] for spinal cord injury.

Feedback mechanisms of posture control have been studied using a linearized
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model by He [55] and Loeb et al. [79]. They developed a posture control model

which corrects small perturbations to standing posture by using a linear quadratic

regulator (LQR). Their models include muscle dynamics as well as feedback com-

ponents such as muscle length, changing rate of muscle length, muscle forces, and

joint angles. The results showed that homonymous feedback gains were larger than

heteronymous gains. The model showed a possible mechanism of posture control.

Kuo [75] developed a similar model using a linear quadratic Gaussian (LQG) opti-

mal controller. A more recent model including muscle length and velocity feedback

along with biomechanical system concluded that muscle mechanical properties and

time delayed spindle feedback appeared to be insu�cient to achieve stability [146].

A large spinal reflex model was developed by Bashor [8]. The model includes

many kinds of neurons that are associated with motor control. Motor neurons,

Renshaw cells, Ia inhibitory neurons, and Ib inhibitory neurons were incorporated

in the model, and the total number of the neurons was 600,000. However, the use

of the model is limited to only neural research since the model lacks some interac-

tive components between the neural and biomechnical systems. Those are functions

for detecting feedback information from sensory neurons and muscles as actuators.

Although the model certainly provides a tool for researchers to investigate spinal

reflex, it is not an ideal model to study neural motor control of human movement.

Although many computational models are developed for studying movement strate-

gies and schemes, Park and Durand [107] developed a model that is not subject

dependent for motion restoration after spinal cord injury and neurological diseases.

Many parameters such as joint geometries, muscle mechanical properties, and neu-

ral system are di↵erent from subject to subject. In this case, robust computational
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algorithms that function for all subjects are important in motion restoration system

like functional electrical stimulation (FES). Park and Duran showed development

of such system is possible using a steady-state controller, a feedback controller, and

a feedforward controller.

The feedback and feedforward musculoskeletal model developed by Stroeve [135]

is probably the closest to the one in this thesis. The model has one degree of freedom

with an antagonistic muscle pair. The model includes muscles and delayed feedback

loops of muscle forces, joint angle, and angular velocity. Even though it is a very

simple model, it features both biomechanical and neurological feedback aspects of

human behavior. However, one of the issues is there are few ways to validate the

model since it is a simplified model that does not mimic any human joint from

the biomechnical point view. Delayed feedback information on muscle length and

muscle velocities, which is present in the CNS, are also not included in the model.

Thus, it is not possible to use human neural and biomechanical experimental data

to verify the model.

2.5 Experiments of pedaling biomechanics

Biomechanics of pedaling has been studied three ways [33, 49]: experimental mea-

surement of kinematics and kinetics of the human and bicycle system, muscular

activities by EMG, and mathematical modeling and computer simulation. Since a

floor force plate, which is frequently used to measure contact forces between feet

and the external environment in most biomechanical studies [152], can not be used

in bicycle experiments, special systems have been developed to provide these data.

Researchers have applied basic biomechanical techniques to pedaling studies such
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as goniometer, EMG collection, and modeling of human limbs and muscle proper-

ties [152].

Muscle activities during pedaling have been revealed by EMG data [24, 35,

66, 85, 138]. There is variability of EMG patterns among them because of di↵erent

measurement and analysis methods. In order to understand the variability in results,

Jorge and Hull [66] compared these results published earlier and then proposed

representative muscle activity patterns during pedaling

They found that the gluteus maximus is active from top dead center (TDC)

to about 130�, which is inside the region of the power stroke (25� � 160�) in the

crank angle. If the crank is oriented to the opposite direction to the ground, the

crank angle is 0�, and this configuration is also called TDC. The muscles of the

hamstrings group, biceps femoris and semimembranosus, have the largest regions

of activity from just after TDC to about the middle part of the recovery phase.

Tibialis anterior is active in the second half of the recovery phase. The active range

of the gastrocunemius muscle is between 30� and 270�.

Although basic EMG patterns during moderate pedaling frequency are de-

scribed above, an altered pattern at higher speeds was found by Suzuki et al. [138].

They studied EMG at cadences between 12 to 60 rpm. Rectus femoris and biceps

femoris have single burst regions at lower cadence. However, as they increased ca-

dence, double EMG bursts have been observed. Also, more detailed study showed

that muscle activations are decoupled among synergy group [149]. It was also re-

ported that the relationship between between the pedaling rate and coordination

was analyzed by EMG analysis [97].

One of the challenges in pedaling studies is development of the system to
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measure pedal reaction forces. A force plate is usually used to gauge contact forces

between feet and ground in most biomechanical experiments such as gait, posture

control, and running. However, it can not be used to measure pedal reaction forces

during pedaling. Thus, the first step toward understanding pedaling biomechanics

was development of the system for collecting the reaction forces between the foot

and pedal.

Hull and Davis [61], and Davis and Hull [27] developed such a system for

pedaling reaction forces. A new instrumentation system including a dynamometer

and potentiometers could measure six load components [61]. In addition to the

loads, it could also provide two angles: crank angle and relative angle between

pedal and crank arm. Davis and Hull [27] used this system to analyze pedaling

biomechanics. Furthermore,research on hip joint movement was also reported by

Neptune and Hull [93].

Bolourchi and Hull [10] improved the system further in order to measure not

only pedal reaction force but also seat and handle bar loads together with pedal

position. Among their findings, the most interesting feature of pedaling biomechan-

ics was that peak levels of all but one of the pedal loads are inversely related to

pedaling rate.

Further development of the above system has been performed for precise

measurement of pedal loads [11, 100]. Though the above triaxial force pedal con-

tributed significantly to the understanding of pedaling mechanics, the six element

strain gauge design exhibits significant cross sensitivity. Uniaxial loading or applied

pure moment to the pedal causes gauge deformation in out-of-plane axes. Newmiller

et al. [100] developed a mechanically decoupled force pedal. Use of this system was
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limited to planar analyses because the system could measure only normal and tan-

gential forces. Broker and Gregor [11] developed a dual piezoelectric element force

pedal which does not require cross-sensitivity correction. The system also provided

the location of the center of pressure.

Biomechanical analysis by kinematic data as well as pedal forces by the sys-

tem described above has been performed. Hull and Jorge [63] presented a method to

analyze biomechanical characteristics of pedaling. They measured both the normal

and tangential pedal forces, the EMGs of eight leg muscles, and the crank and pedal

angles. They modeled the leg-bicycle system as a five bar linkage and calculated

joint moments. Time histories of EMGs recruited in pedaling as well as detailed

biomechanical features were revealed in this study.

Using a similar method as Hull and Jorge [63], Redfield and Hull [118] studied

the relationship between joint moments and pedaling rates. They also modeled the

leg-bicycle system as a five-bar linkage constrained to planar motion. According

to their results using the model and experimental data of pedal reaction forces

and kinematics, cadence and pedal forces are varied inversely to maintain constant

power. Results indicate that average joint moments vary considerably with changes

of cadence. They also suggested that optimum rotations can be determined from a

mechanical approach for any given power level and bicycle-rider geometry.

Further biomechanical analysis of pedaling has been performed by Hull et

al. [60, 64]. They focused on hip motion although previous studies concentrated

on pedaling movements in the sagittal plane. They developed an instrument to

measure the hip movement by using spherical coordinates. Results indicated that

the bicycle is leaned from side to side with the frequency of leaning equal to the
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frequency of pedaling. The distance from the hip to the pedal varies approximately

sinusoidally with a frequency equal to the pedaling rate and amplitude somewhat

less than crank arm length. Hull et al. [64] developed a method to find the angular

velocity profile in seated cycling that maintains the total mechanical energy of both

legs constant. The preferred angular velocity profile chosen by subjects decreases

the internal work as compared to those for constant cadence.

In addition to these basic biomechanical investigations, some pedaling studies

related to rehabilitation have also been performed. For example, Ericson et al. [34]

studied the e↵ects of geometry of saddle and pedal on load moments about the hip

and knee joints since various therapeutic exercises are performed using the bicycle.

Furthermore, three dimensional forces at knee joints were estimated during pedal-

ing [122, 123, 124], which would probably achieve the goal to reduce intersegmental

knee loads, hence possibly alleviating knee injuries.

2.6 Mathematical models of pedaling biomechanics

Purely theoretical computational studies on pedaling have been performed earlier.

Hull and Gonzalez [62], and Redfield and Hull [119] used optimization techniques

to simulate pedaling motion. Joint moment minimization and muscle stress mini-

mization were used to predict pedal forces in the study by Redfield and Hull [119].

Although major biomechanical features could be revealed by both objective func-

tions, muscle stress objective function could well predict joint moments. Also using

optimization, Hull and Gonzalez [62] reported that the joint moment minimum cost

function for tall people occurs at longer crank arm lengths and lower pedaling rates

than the length and rate for short people.
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Although the above model did not include specific muscle dynamics, Sim [130]

incorporated a muscle model that was similar to the model by Zajac [159]. The

model includes eight major muscle groups and muscle dynamics. He emphasized

the optimal computational scheme to perform the minimum time optimal control

and barely focused on biomechanical features. A similar model was developed by

Raasch et al. [113]. Raasch’s minimum time model predicted well the major biome-

chanical characteristics of pedaling. Neptune and Hull [95] attempted to calculate

preferred pedaling rate in endurance cycling using optimization, and the same team

computationally simulated steady-state pedaling movement using the similar ap-

proach [94]. In addition to forward pedaling movement, muscle contribution to

backward rotation was also examined by computer simulation [98].

Yoshihuku and Herzog [157], and Kautz and Hull [69] reported desirable

bicycle systems from the view of optimization. Yoshihuku and Herzog [157] analyzed

mechanical power and concluded that the upper body position corresponding to the

peak power output was slightly reclined. The pedaling rate was 155 rpm for peak

output. Kautz and Hull [69] performed optimization in order to find the optimal

chainring shape. The purpose of this study was designing the bicycle rather than

studying the biomechanics of pedaling. Neptune and Herzog [92] used pedal force

decomposition approach to investigate the correlation between negative muscle work

and pedaling rate. Their results showed acceleration diminishes around 90 rpm

because of negative muscular crank torque. Similar reported results [96] are useful

for equipment design and performance improvement.

Fregly et al. [41] focused on bicycle mechanics instead of movement co-

ordination as many modeling studies might su↵er from too much simplification
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the bicycle mechanics. They compared the inertial/frictional model with iner-

tial/frictional/compliant model. The former included two assumptions. One is

bicycle drive system was infinitely sti↵, and the other was no decoupling between

the freewheel and rear wheel. The later eliminated the assumption that the bicycle

drive system is infinitely sti↵. Their conclusion was the inertial/frictional model is

valid for most cases in road-riding mechanics and pedaling coordination. However,

the inertial/frictional/compliant is essential to reproduce the phase shit.

Recent computational studies also showed that pedaling power output is

maximized by changing geometric parameters of bicycle. For example, Rankin and

Neptune [115] found that chainring shape a↵ects power output during pedaling.

Their computational study using forward dynamics and optimization concluded that

crank power in the case of non-circular chainring is larger than that for circular

chainring. Another paper studied the relationship between bicycle seat configuration

and crank power [116]. Their forward simulation using optimization found that seat

configuration such as seat height, seat tube angle, and pelvic orientation changes

power output although seat tube angle had relatively minor influence. These studies

indicated that altering bicycle design geometry changes power output, and it is even

possible to develop a more e�cient bicycle compared to conventional ones through

the process of geometric design and exercise physiology evaluation.

2.7 Summary of literature review

Research on spinal reflex roles of motor control has been investigated by mainly

reflex experiments and modeling of the spinal neural network while biomechanists

have revealed basic mechanical characteristics by both experiments and computer
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simulations. However, the overwhelming majority of research focuses on either the

neural or biomechanical aspect. This makes it di�cult to understand the feedback

roles in human movement coordination considering both the neural and biomechan-

ical systems are interdependent on each other and can not be separated. Based

on this literature review, it is believed that a neuro-biomechanical model can help

unveil the mechanisms of proprioceptive control.
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Chapter 3

Methodology

The present computational model consists of three components: an artificial neural

network, a muscle model, and a skeletal system (Figure 3.1). These three compo-

nents are independently modeled, and each one is linked in our computer program.

Outputs from the neural network are fed into the muscle system. Then the muscle

system acts as actuator by generating force between origin and insertion points on

the skeletal system. Pedaling movement is generated by integrating equations of

motion of the bicycle and skeletal system. Kinematic information is fed back to the

neural network, and it is used as inputs to the neural network. This combination of

inputs mimic the fact that the supraspinal signals and feedback information come

together at motor neurons that innervate muscle cells.

3.1 Muscle actuator system

The muscle system consists of three components. A physiological based contractile

element along with viscous and elastic elements are included in the model (Fig-
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skeletal system
muscle system

movement

activation

neural network

sensory information

Figure 3.1: Computational model consists of a three layer neural network, skeletal
system, and muscle system. Combination of these components generates movement,
and sensory information is fed back to the network.
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ure 3.2). Normalized muscle mechanics are scaled to each muscle group, and those

are the driving forces between muscle origin and insertion points. Upon receiving

forces from muscle groups, the skeletal and bike system moves based on equations of

motion. Contractile element has two mechanical characteristics; one is force-length

relation described in Figure 3.3, and the other is force-velocity relationship as in

Figure 3.4.

Physiological structure of muscle filaments can explain force-length mechani-

cal characteristics (Figure 3.3) [1, 67, 152]. There are thick and thin filaments in the

sarcomere, which is functional unit of muscle contraction. Source of force generation

is in between thick and thin filaments. When the sarcomere is stretched, the overlap-

ping region between thick and thin filaments decreases. This means force generation

capacity also becomes low as muscle is lengthened. The overlap is maximum at op-

timum length. Therefore, muscle force is also maximum there (Figure 3.3). When

the sarcomere is shorter than optimal length, thick and thin filaments overlap each

other, attachment area between thick and thin filaments decreases. This mechanism

explains low force when muscle length is short.

A di↵erent aspect of muscle physiology can explain force-velocity mechanism

(Figure 3.3) [1, 67, 152]. Contraction is the cyclical attachment and detachment of

myosin heads on thin filaments. Time in detached state is longer while the sarcomere

is shortening. This causes lower force when muscle is shortening. On the other hand,

longer time in attached state is observed while the sarcomere is lengthening. Thus,

muscle force also increases at lengthen region (Figure 3.3).

With these physiological characteristics in mind, we use the following math-

ematical formula to describe muscle mechanics [28, 104, 109].
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Figure 3.2: Muscle mechanics is expressed as contractile element acting on viscous
and elastic elements.
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Figure 3.3: Normalized muscle force-length curve. Muscle force reaches maximum at
optimal length. This description includes only contractile element and does not in-
clude passive elastic element of muscle fiber. As muscle length increases or decreases
from optimal length, contractile element generates lower force.
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Figure 3.4: Normalized muscle force-velocity curve. Muscle force becomes larger as
it is lengthening while lower force capability is observed in the shortening phase.
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Fn = F̄CE
n · k(⇠n) · h(⌘n) · yn + FPD

n + FPE
n (3.1)

k(⇠n) = 0.32 + 0.71 exp[�1.112(⇠n � 1)] sin[3.722(⇠n � 0.656)] (3.2)

h(⌘n) = 1 + tanh(3.0⌘n) (3.3)

FPD
n = CPD

n L̇n (3.4)

FPE
n = kPE

n exp[15(Ln � L̄n)� 1] (3.5)

where Fn is the nth muscle force. F̄CE
n is the maximum muscle force at resting

length. k(⇠n) describes the force-length curve as in Figure 3.3 while h(⌘n) is the

force-velocity relationship depicted in Figure 3.4. Cn and kPE
n are muscle dependent

parameters. yn is muscle activation.

Normalized muscle length ⇠n and normalized muscle velocity ⌘n are calcu-

lated as follow.

⇠n = Ln/L̄n (3.6)

⌘n = L̇n/ ¯̇L (3.7)

where Ln and L̇n are muscle length and velocity while L̄n and ¯̇L are the optimal

muscle length and the maximum muscle shortening velocity respectively.

Nine muscle groups in each side, for a total of 18 muscle groups, drive

the skeletal system. These are chosen based on previously published papers in

which researchers demonstrated successful biomechanical simulations of lower ex-

tremities [104, 105, 106, 130]. Selected muscle groups are tibialis anterior (TA),

soleus (SO), gastrocnemius (GC), vasti (VA), rectus femoris (RF), biceps femoris

long (BFL), biceps femoris short (BFS), iliopsoas (IL), and gluteus maximus (GM)
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Figure 3.5: Nine muscle actuators. Nine muscle groups drive the skeletal system.
TA:tibialis anterior, SO:soleus, GC:gastrocnemius, VA:vasti, RF:rectus femoris,
BFL:biceps femoris long, BFS:biceps femoris short, IL:iliopsoas, GM:gluteus max-
imus.

(Figure 3.5). Origin and insertion points of these muscles are obtained from Ogihara

and Yamazaki and Sim [104, 130].

Muscle model and its geometry are relatively simple in this model as we

aim to take a look at overall feedback e↵ects on human movement. When look-

ing at movement from more detailed biomechanical perspective, it’s important for

researchers to take a look at tendon’s mechanical property, three dimensional mus-

cle model, di↵erence between fast twitch fiber and slow twitch fiber. However, our

aim is feedback e↵ects on gross movement rather than detailed movement that is

very important in orthopedics. Also, complicated muscle is computationally heavy.

Therefore, relatively simpler model is preferred in this study.
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Right Thigh

Right Shank

Right Foot

Crank and Chainring

Left Thigh

Left Shank

Left Foot

Hip Joint

Figure 3.6: Mechanical structure of the pedaling model

3.2 Skeletal system

For simplicity, it is assumed that pedaling is a symmetric planar movement in the

sagittal plane and that the hip axis is fixed with respect to the ground or the ref-

erence frame in the sagittal plane. Though there exists asymmetry to some extent

in pedaling, studies under the symmetry assumption [113, 130] have been able to

characterize major features of pedaling movement. The vast majority of pedaling

research has been performed under the assumption that pedaling is a planar move-

ment [49]. Although we should accept the fact that human pedaling is a three

dimensional movement, major features of pedaling have been found in the sagittal

plane. Hence, we believe that a symmetric planar model is a rational simplification

of pedaling.

The skeletal system consists of thighs, shanks, and feet on both sides, and a
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Table 3.1: Length, mass, and inertia of the skeletal components
Segment Thigh Shank Foot Crank
Mass(Kg) 7.0 3.3 1.0 1.0
Inertia(kgm2) 0.117 0.057 0.007 5.2
Length(m) 0.4 0.435 0.17 0.17

crank-chainring segment (for a total of 7 segments) as in Figure 3.6. Pedal and foot

are combined as one segment, and this part is called foot in the rest of the text. The

hip joint is fixed with respect to the ground, and all joints are simple hinge joints.

The center of the crank-chainring segment is fixed with respect to the hip joint;

thus, it is also fixed with respect to the ground. This type of pedaling is close to the

one on a stationary bicycle rather than normal pedaling on the road without the hip

joint constraint. Since both thighs are attached to the hip joint (and hence to the

ground) and both feet are attached to the crank-chainring segment, the rider-bicycle

mechanism formulates a closed kinematic loop. Geometric and inertia parameters

used in this research are reasonably close to human anatomical data and normal

stationary bicycle. These data are based on previous studies [41, 105, 106, 130] and

are shown in Table 3.1.

This mechanism can be broken into three tree structure parts: right leg for

right thigh, shank, and foot, left leg for left thigh, shank, and foot and the crank-

chainring portion. By connecting these structures, the pedaling skeletal system

is formulated. Thus, equations of motion are written by combining equations of

motion for these open-loop tree structures and loop-closure constraints. Equations

of motion of the tree structures are

Mi(✓(t)) ¨✓(t) + vi(✓(t), ✓̇(t)) + gi(✓(t)) = DiAi(✓(t))F T
i (t) + Ti (3.8)

where, i is the index to identify each of three broken structures. When i = 1, 2, 3,
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equations of motion are for the right leg, left leg, and crank-chainring portion re-

spectively. When i = 1, 2, M is a 3⇥3 inertia matrix; v is a 3⇥1 vector comprising

nonlinear velocity terms related to coriolis and centrifugal forces; g is a 3⇥1 is vector

consisting of gravitational e↵ects; D is a 3⇥ 3 matrix that transforms joint torques

into segmental torques; A is a 3⇥ 8 moment matrix obtained from Sim [130]; F T is

a 8⇥1 muscle actuator force; T is a 3⇥1 vector. On the other hand, when i = 3 for

the crank-chainring portion, the equation of motion becomes one dimensional and

T is the resistant torque about the crank.

Since the pedaling skeletal model forms a closed loop mechanism, equation

of motions (equation 3.8), which are for tree mechanisms, are combined with loop-

closure constraints using a method developed by Featherstone [38]. The general

procedure to incorporate these constraints for a kinematic closed loop structure is

as follows [38]:

1. obtain constraints on the acceleration of the tree mechanism;

2. express the loop-closure forces;

3. add the loop-closure forces to the tree structure equation of motion (i.e. equa-

tion 3.8), and combine this with the acceleration constraints.

We can apply this general procedure to our pedaling skeletal system. Equa-

tions of motion of three tree structures subject to loop-closure constraints are the

complete description of dynamic equations of motion of the pedaling skeletal system.

Detailed procedures are as follow:

1. obtain constraints on the acceleration between right foot and the crank-chainring

segment, and left foot and the crank-chainring segment;
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2. express the loop closure forces between right foot and the crank-chainring

segment, and left foot and the crank-chainring segment;

3. add the loop-closure forces to the tree structure equations of motion, and

combine this with the acceleration constraints.

The mechanism has seven degrees of freedom if it is serial chains. There are six loop-

closure constraints. Therefore, a total of 13 di↵erential equations with 13 unknowns

will become equations of motion of the pedaling skeletal system.

3.3 Control system

3.3.1 Neural network

An artificial neural network is implemented to find time histories of muscle activa-

tion. The structure of the model has two main portions: an artificial neural network

generating muscle excitation and a set of di↵erential equations of motion that also

include muscle actuator, comprising activation dynamics, muscle dynamics, and the

skeletal dynamics (equations of motion of lower extremities). The first layer of the

neural network consists of input units and context units which are from the di↵er-

ential equations part. The right-hand side layer of the network is called the output

layer, and units in this layer are called output units. The layers between these are

called hidden layer (Figure 3.7).

The neural network portion generates a set of muscle activations at time t

with information from the dynamics portion at time t. Information can include

muscle length, muscle velocity, force, and joint angles which are measured by the

human nervous system [30, 54, 59, 112, 133] (See also Figure 2.1). The units of
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Figure 3.7: Three layer network consists of input layer, hidden layer, and output
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Figure 3.8: Calculation of output from a node in artificial neural network
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the neural network taking these information are often called context units [56] in

the category of the recurrent neural network. Also the neural network portion has

input nodes which are related to pedaling phase. Therefore, the neural network

structure generates a set of muscle activations for 18 muscle groups by using state

and phase information. This structure appears to be similar to the events happening

in the central nervous system, though specific neural pathways of the CNS are not

explicitly included. Given a set of muscle activations obtained by the network, it

is possible to calculate the next states by using ordinary di↵erential equations for

the system and a numerical integrator. Here it is proposed to use a Runge-Kutta

fourth-order method for numerical integration [44]. Then, states at time t + �t will

be given to the network. This procedure is repeated for the whole cycle of pedaling

movement.

An artificial neural network is considered as a map from numbers to numbers,

and our object is to construct a map between inputs with context units and outputs

which can generate pedaling motion comparable to experimental data. All units in a

layer are fully connected to those in the next layer, and weights of these connection

essentially define the whole mapping between the input and output layers. Output

of each node is calculated by the following equation (See also Figure 3.8).

Oj = g
⇣

X

wijOi � hj

⌘

(3.9)

Here, Oj is the output of a jth unit of a layer; Oi is the output of a ith unit of

the previous layer; wij is the weight between jth unit of a layer and ith unit of the

previous layer; hj is bias; and g is a sigmoid function described as follow (Figure 3.9):
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g(a) =
1

1 + e�a
(3.10)

Our aim is to find a set of weights wij between units which generate pedaling motion.

In order to find appropriate weights of the network, we use genetic algo-

rithm [40, 46, 86]. The weights are changed to minimize or maximize fitness function

such as kinematic di↵erence between simulation and experiment, energy consump-

tion, and force generation. Details of genetic algorithm are discussed from 3.3.2

to 3.3.4.

3.3.2 Genetic algorithm: general scheme

Genetic algorithm is a search algorithm inspired by the idea of reproduction [40, 46,

86]. It is similar to the process where genes from two parents are combined. Fit

members create o↵springs for the next generation. They are measured how good

they are, and mating is conducted again for the next generation. Repeating this
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process will improve the fitness of the population.

Let us show a simple numerical example in order to describe the algo-

rithm [46]. Each parent is represented by a binary digit. We use five bits here.

For example, let’s pick 11010 as a parent string. We can decode this five digit to

the base 10 number.

1 · 24 + 1 · 23 + 0 · 22 + 1 · 21 + 0 · 20 = 26 (3.11)

Other three randomly chosen strings are 01110, 10010, and 00101. Base 10 numbers

of these strings are 14, 18, and 5 respectively.

Next step is selecting parents for the next generation with a probability

proportional to their fitness. Fitness value f(x) = x2 and f/⌃f (Table 3.2) are used

here. Therefore, string No.1 is more likely to be selected compared to others by

looking at f/⌃f values. The next most likely candidate is string No. 3, and the least

likely to be a parent is string No.4. This f/⌃f based method is called roulette wheel.

There are other selection methods such as sigma scaling, elitism, rank selection, and

tournament selection [86]. We proceed with roulette wheel method here.

Selected parents are mated by crossover operation between a pair of strings

to produce o↵springs. String No.1 is selected twice, and string No.2 and No. 3 are

also selected as in Table 3.3. Crossover site choice is random, and it is denoted by

| in Table 3.3. It’s common to operate a mutation after crossover. This operation

is flipping the number from 0 to 1 or vice versa one by one with low probability.

Mutation does not occur in this example (Table 3.3). We can now calculate f and

f/⌃f using new population. Repeating this process will lead the strings to desirable

state through generations.
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Table 3.2: Initial state
String No. Population x f(x) f/⌃f

1 11010 26 676 0.55
2 01110 14 196 0.16
3 10010 18 324 0.27
4 00101 5 25 0.02

Table 3.3: Mating process
String No. Selected population New population x f(x) f/⌃f

1 11|010 11010 26 676 0.34
2 10|010 10010 18 324 0.16
3 0|1110 01010 10 100 0.05
4 1|1010 11110 30 900 0.45

When we look at both Table 3.2 and 3.3, we can tell that the maximum of

f(x) changes from 676 to 900. Average of f(x) also increases from 305.25 to 500.

Not only did the best string’s performance improve but also overall performance

becomes better. Essence of genetic algorithm is repeating this process until problem

objective is satisfied.

3.3.3 Genetic algorithm: program development

We would like to develop genetic algorithm code piece by piece based on general dis-

cussion in 3.3.2. These programming elements will be further developed or expanded

into large scale programs in order to solve complex problems. The problem used

for initial computer program development is finding x to maximize fitness function

f(x) in [40].

f(x) = 1 +
cos x

1 + 0.01x2
� 40  x  40 (3.12)

The maximum of this function is 2 at x = 0 as seen in Figure 3.10. However, there
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Figure 3.10: Fitness function used at the initial stage of genetic algorithm program
development. Optimal value of this function is 2 at x = 0. However, there are many
local maxima.

are many local maxima between -40 and 40. Development of a compute program

using Mathematica is shown here to find the maximum without being trapped in

local maxima.

Development of key components are as follow:

1. First, the following line decodes a ten-bit binary string x to the base 10 num-

ber. This is used to calculate fitness value of each string. This converts

1111111111 to 40 and 0000000000 to -40.

FromDigits[x, 2]*N[80/FromDigits[1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 2],
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20] - 40

2. The program also needs a component that choose a crossover point after choos-

ing parents for the next generation by roulette wheel. Next line picks up a

random crossover point between 1 and copmax.

RandomInteger[1, copmax]

3. Crossover operation cuts two parent strings (p1 and p2) at the same crossover

point cpoint. Then children are made by combining opposite parts of each

parent’s string.

Join[Take[p1, cpoint],Drop[p2, cpoint]]

Join[Take[p2, cpoint],Drop[p1, cpoint]]]

4. Mutation follows crossover and this process needs to flip the number y between

0 and 1 with probability pm. New population is created at this point, and the

next cycle of computation will start.

RandomChoice[pm, 1 - pm -> y /. 0 -> 1, 1 -> 0, x]

These are some of the essential elements of the genetic programming de-

veloped here. Integrated code including these components can find the maximum

of f(x) (Equation 3.12) after repeating roulette wheel, crossover, and mutation

eight times (Figure 3.11), and the program maintain the maximum value there-

after. Figure 3.12 shows that not only the best string but also other strings improve

performance through generation.
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Figure 3.11: Maximum fitness value through generation. The best fitness value
among population increases and reached the maximum(=2) at the 8th generation
and stays. This indicates genetic algorithm can find the maximum of a function
that has many local maxima like Figure 3.10.
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Figure 3.12: Average fitness value of all strings through generation. Increasing trend
shows many in the population improve performance.

3.3.4 Genetic algorithm: extension to large scale problem

As problems may be larger and more complex than the examples introduced in 3.3.2

and 3.3.3, we would like to add more options to the basics of genetic algorithm [40,

46, 86]. One way is using more crossover points, and the other way is dividing

chromosome into smaller pieces before crossover.

There are basically two options for crossing over at more than one point.

These are called multi-point crossover and uniform crossover.

For example, the simple example for hand calculation in section 3.3.2 has one

crossover point (Table 3.3). After random selection of a crossover point, the second

halves of the strings exchange each other as described in Figure 3.13. Despite the

fact that there is only one crossover point, it is possible to solve many problems even

in the case of putting many variables into one string. Therefore, it is not necessary
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Figure 3.13: One-point crossover. One crossover point is randomly selected. Chro-
mosomes represented by two strings exchange the shaded parts. Newly generated
pair becomes chromosomes in the next generation.

to prepare the same number of strings as the number of variables. In other words,

one-to-one relationship between string and variable is not expected in most cases.

However, it is sometimes desired to have more than one crossover point de-

pending on the cases. Multi-point crossover algorithm randomly choose multiple

crossover points first. As in Figure 3.14, selected areas are exchanged each other

to form new chromosomes represented by a pair of strings. The particular example

in Figure 3.14 is two-point crossover. Theoretically speaking, it is possible to have

crossover points up to (the length of string -1). However, it’s very unusual to have

that many crossover points.

Final crossover method is uniform crossover. The number and locations of

crossover points in uniform crossover are random. Then, corresponding divided

52



! " # $ % & ' ( )

*

+

, - . / 0 1 2 3 4

! " #

$ % &

+

2 3 4* , - .

/ 0 1 ' ( )

-567768/59:63;< -567768/59:63;<

Figure 3.14: Multi-point crossover. Crossover is operated at multiple locations after
the random selection of crossover points. This particular case is two-point crossover.
Two crossover points are randomly selected, and shaded areas replace each other.
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Figure 3.15: Uniform crossover. First, the number and location of crossover points
are randomly selected. Then, shaded parts exchange each other.

portions are exchanged each other (Figure 3.15). Although it’s often said uniform

crossover has high potential compare to one-point and muti-point crossovers, capac-

ity is sometimes problem dependent.

In addition to considering crossover at multiple points, there is another way

to give flexibility to the algorithm. We can divide chromosomes into multiple re-

gions, and crossover takes place between corresponding areas. For example, a long

chromosome in Figure 3.16 is cut into three areas: region 1, 2, 3. The other parent

chromosome takes the same procedure. Next step is crossing over the region 1 of

one string and the region 1 of the other string. The same is repeated at region 2,

and so forth. Although the example in Figure 3.16 uses one-point crossover, it is

possible to implement multi-point crossover or uniform crossover in each region.
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Figure 3.16: Instead of using long chromosomes, we can divide them into multi-
ple strings. Crossover takes place between corresponding regions. Multi-point or
uniform crossover can be used in each crossover although one-point crossover is
introduced in this schematic.
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3.4 Computer simulation protocol

We have described muscle actuator, skeletal system, and control system that consists

of neural network and genetic algorithm. The computer simulation of pedaling is

performed in the following way.

1. Create initial random population in genetic algorithm program. This gives

sets of weights for neural network.

2. Set the skeletal system at initial condition (Figure 3.17).

3. Integrate equations of motion using muscle activation that is output of neural

network.

4. Define fitness function depending on simulation. Simulation is conducted to

minimize or maximize the fitness function (e.g. Equation 3.12).

5. Evaluate the fitness function if criterion is satisfied. If yes, program ends. If

no, create next generation of population in genetic algorithm program and go

back to 2.
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Chapter 4

Results

The test results of genetic algorithm are presented first. This will demonstrate ca-

pacity of the algorithm by using variety of test functions as extension of examples

in sections 3.3.2 and 3.3.3 before moving on to pedaling simulation. Pedaling com-

putation includes the plain simulation that is learned through genetic algorithm

without any physical obstacle. Following results are simulations with addition of

noise to the neural network. These include one cycle and multiple cycles pedaling.

Finally, whether our computational scheme is able to create the gain modulation

profile obtained from neuroscience experiment is tested.

4.1 Robustness of genetic algorithm

First part of results shows the robust capacity of genetic algorithm. The initial

attempts to tackle this study were made by using numerical optimization [39, 147]

and backpropagation [29, 43, 56, 65, 120] to control pedaling movement. However,

we were not able to archive the goal with these methods. Then, a genetic algorithm
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became our candidate. Since the neural and biomechanical system is complex and

nonlinear, one needs to check the handling capacity of the developed codes for this

study.

De Jong five-function test bed is often used in the genetic algorithm commu-

nity to examine algorithms and programs [46, 86]. Variety of this set of functions

includes step, noise, and many local maxima. Thus, in addition to relatively simple

examples in sections 3.3.2 and 3.3.3, successful performance in De Jong function

test will show that developed codes can handle neural and biomechanical problems.

De Jong function 1 (equation 4.1) is a simple parabola function. This function

has three variables. Unlike those functions in sections 3.3.2 and 3.3.3 that have only

one variable, we need to represent three variables into chromosomes.

F1 = �
3

X

i=1

x2
i � 5.12  xi  5.12 (4.1)

Figure 4.1 shows the best performance among the population for the function

1. Genetic algorithm developed for this problem uses tournament selection instead

of roulette wheel that were implemented in 3.3.2 and 3.3.3. Crossover probability is

0.85; mutation probability is 0.001. Three variables are expressed on one chromo-

some. Genetic algorithm rapidly approached the maximum value (= 0) in the first

several generations. Search continued and reached near the maximum at around

20th generation. This result shows tournament selection and the way to put three

variables in one string work well in this example.

Genetic algorithm can also take care of De Jong function 2 (equation 4.2),

which is Rosenbrock’s saddle. This has a more complex surface (Figure 4.2) com-

pared to the function 1. Again, tournament selection is implemented for this prob-
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Figure 4.1: Genetic algorithm successfully found the maximum (= 0) of De Jong
function 1 at around 15th generation. This function is a simple parabola.

lem, and the algorithm uses the same crossover and mutation probabilities as the

function 1. As in figure 4.2, the algorithm found a very good string from the start

and improved performance further until it reached the maximum (= 0) at about 16th

generation. We can tell genetic algorithm successfully searches the two dimensional

space to find the maximum by using tournament selection.

F2 = �
n

100(x2
1 � x2)2 + (1� x1)2

o

� 2.048  xi  2.048 (4.2)

De Jong function 3 (equation 4.3) is a step function with five variables. Top

plot of Figure 4.3 features one dimensional profile of this function. As gradient

descent type numerical algorithm can not handle this kind of search problem, it is

interesting to see the potential of genetic algorithm. Another interesting point is
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Figure 4.2: Genetic algorithm found the maximum (= 0) of De Jong function 2 at
around 16th generation. It is a Rosenbrock’s saddle.
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that step function is somewhat similar to all-or-none behavior of biological neurons.

Action potential is triggered only when input signal is greater than threshold. Step

function and on-or-none behavior of neurons share the same characteristic in terms

of discontinuity. As sigmoid function (equation 3.10 and figure 3.9) expresses input

and output relation of neural nodes in this study, our pedaling model does not

include on-or-none selection. However, investigating the algorithm if it is able to

deal with discontinuous function is important with future application of genetic

algorithms in neuroscience.

F3 = �
5

X

i=1

bxic � 5.12  xi  5.12 (4.3)

Bottom plot of Figure 4.3 shows performance of the algorithm. Crossover

and mutation probabilities are 0.8 and 0.01 respectively, and all five variables are

expressed on a chromosome. The algorithm reached the maximum (= 25) at around

35th generation and continued to stay there. This demonstrates that our algorithm

can handle discontinuous step function as well.

Equation 4.4 is De Jong function 4. Gaussian noise with mean 0 and standard

deviation 1 is added to the quadratic function. There is interesting implication of

this function in relation to neural science. Background noise can improve sensory

function of crayfish and sea creatures [53, 89], and internal noise in the CNS may

also have important roles [73]. Enhancement by noise is seen because the neural

system carries nonlinear characteristics. Therefore, it is very attractive to use an

algorithm that is capable of searching with the presence of noise in this regard.

Figure 4.4 shows overall improvement in the first 100 generations and the

algorithm stays near the maximum thereafter. Crossover probability is 0.8, and mu-
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Figure 4.3: De Jong function 3 is a step function with five variables. Top graph
is one dimensional look of this function. The bottom picture shows the algorithm
found the maximum (= 25) at about 35th generation.
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Figure 4.4: De Jong function 4 is a quadratic function with noise. Genetic algorithm
was able to stay near the maximum ('0) with the presence of noise after about 80th
generation.

tation probability is 0.002 in this simulation. This result indicates that application

of the developed program can be extended to the system including noise.

F4 = �
(

30
X

i=1

ix4
i + Gauss(0, 1)

)

� 1.28  xi  1.28 (4.4)

Figure 4.5 shows three dimensional graph of De Jong function 5 (equation 4.5)

and genetic algorithm performance. Our attempt to find the maximum of one di-

mensional function (figure 3.10) that has many local maxima was successful in sec-

tion 3.3.3. Dimension is higher in De Jong function 5, and there are many local

maxima in the surface of this function. This is another test to evaluate the devel-

oped algorithm on the complex surface. Genetic algorithm successfully found the

maximum at around 10th generation with similar parameters (crossover probabil-
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ity:0.75, mutation probability:0.002) to those from the function 1 through 4.

F5 = �

8

<

:

1
500

+
25
X

j=1

1
j +

P2
i=1(xi � aij)6

9

=

;

�1

� 65.536  xi  65.536 (4.5)

These results for De Jong function test bed demonstrated developed pro-

grams using genetic algorithm were robust. They were able to show successful

search process from a relatively simple function (equation 4.1) to complex one (equa-

tion 4.5). They can also handle step function (equation 4.3) and noise (equation 4.4).

Dimension of search space covered from 2(equation 4.2 and 4.5) to 30 (equation 4.4).

These features indicated that genetic algorithm would become a powerful tool to

analyze neural and biomechanical system.

4.2 Learning of pedaling motion

The first task is minimizing kinematic di↵erence between pedaling simulation and

experimental data that were obtained from Dr. Maury Hull at the University of

California, Davis and Dr. Rick Neptune who worked with Dr. Hull back then and

now a professor at the University of Texas at Austin [94]. There are almost infinite

ways to choose fitness function in order to utilize genetic algorithm that improves

the neural network portion of the model. Initial attempt is choosing a very simple

fitness function to see if pedaling motion is realized by the method discussed in

chapter 3. Simulation is conducted for 60 rounds per minute pedaling, which is one

cycle per second.

Input layer of the neural network consists of input units and context units.

Input units correspond to simplified supraspinal signals (Figure 2.1). When periodic
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Figure 4.5: Top plot shows that De Jong function 5 has many local maxima. These
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10th generation.
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movement like steady state pedaling progresses, it is reasonable to expect some

kind of periodic signals reach motor neurons that in turn innervates muscle fibers.

Context units are kinematic information of ongoing movement. It is not necessary to

provide all kinds of kinematic information because of kinematic constraints. Input

units are described as sin(2⇡t) + 2 and sin 2⇡(t� 0.5) + 2. Context units include

crank rotation and both feet angles with respect the ground coordinate. Excluding

the possibility of hyperextended knee joints, all joint angles are calculated under

kinematic constraints of the model. Thus, the neural network portion of the model

receives a set of simple sinusoidal curves and angles that determine the skeletal and

bike configuration.

Hidden layer of the neural network has ten nodes, and the output layer has

eighteen nodes that provide activation of the corresponding muscle actuators. Thus,

the numbers of weights between input layer and hidden layer and hidden and output

layer are 60 and 180 respectively. Genetic algorithm updates these weights through

generations to minimize the fitness function.

Genetic algorithm portion of this model includes roulette selection with mul-

tiple strings. Since there are many weights in the neural network, variables rep-

resenting weights are divided into multiples strings. Then, crossover takes place

at multiple points of each pair of strings. The basic scheme of this structure is

described in Figure 3.16.

We would like to show two results in this section. One is the kinematics

during learning phase, and the other is pedaling motion after completion of learning.

These are described in Table 4.1, and we will refer to the model names in the table.

Figure 4.6 shows the simulated pedaling motion during the learning phase of
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Table 4.1: Model description during and after learning
Model Description
L0p Learning in progress (7th generation)
L0c Learning completed (70th generation)

the neural network. This is the model L0p in Table 4.1. The computational model

generates some movement that is far from normal pedaling motion at the start of

simulation. As genetic algorithm updates weights between neural nodes, simulated

motion is getting closer to pedaling motion. Right shank, left shank, and left thigh

angles at 7th generation are somehow close to experimental data at the first half

second. But right foot, left foot, and right thigh angles follow di↵erent paths from

real pedaling motion during entire one second of simulation.

Figure 4.7 shows a good agreement between simulated motion and experi-

mental data after enough weight updates through 70 generations (L0c in Table 4.1).

Especially right shank, left shank, left thigh angles in simulation matches those in

experiment. Other angles have more or less ripples compared to smooth curves in

experiment. Despite those di↵erences, genetic algorithm is able to assist neural net-

works that receives both input and feedback signals to generate pedaling motion.

The programming code generated pedaling motion with random initial neural net-

work weights not only in this simulation but also other cases. In other words, the

program is able to learn pedaling motion regardless of the initial state of neural and

mechanical states.

There are two kinds of implementation of simulation protocol described in

section 3.4. One is simulating for one second (cycle) from the first generation, and

the other is simulating shorter time (e.g. 0.6 second or 0.7 second) at initial stage

of learning followed by the learning phase of one second computation. Genetic algo-
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Figure 4.6: Pedaling motion is not learned yet in the middle of learning process
(L0p in Table 4.1). These plots are at 7th generation of genetic algorithm iteration.
Joint angles in computer simulation (line) and experimental data (dashed lines) are
not in good agreement. Foot, shank, and thigh angles (degree) are plotted in y axes.
x axes are time (sec).
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Figure 4.7: Pedaling motion after learning after 70th generation (L0c in Table 4.1).
Foot, shank, and thigh angles (degree) are plotted in y axes. x axes are time
(sec). Line plots are computer simulation results, and dashed lines are data from
biomechanics experiment. Comparison between these plots and those in Figure 4.6
shows improvement through learning.
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rithm eventually leads the musculoskeletal model to pedaling motion in either case.

However, the later case uses a little less computation time. Results in Figure 4.6

and 4.7 are obtained using the later procedure.

4.3 Learning of pedaling motion with crank resistant

torque perturbation

The computational model in this section was developed in order to investigate if the

combined control system using neural network and genetic algorithm is capable of

dealing with perturbed resistant torque through learning. In contrast to the previous

simulation in section 4.2, constant resistant torque is not used. Instead, learning

process of pedaling motion progressed with various kinds of crank resistant torque

perturbation. One of our goals of this study is constructing a model with nonlinear

feedback capability that can work with various types of mechanical perturbation and

noise. Controlled pedaling in the indoor laboratory provides stable environment

to bike riders. However, there are many external factors in outdoor cycling that

disturb stable environment. These factors could be uneven surface, wind, and worn

out mechanical parts. Human neural system is still able to learn pedaling motion

with the existence of these unpredictable and uncertain external changes. Our

simulation purpose in this section is adding such an unstable factor by using torque

perturbation.

First preparation for this simulation is developing a unit torque perturbation

profile as in Figure 4.8. Time window is 0.1 second, and it can start from 0 second to

0.9 second with 0.1 second increment. The example shown in Figure 4.8 is the unit
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Figure 4.8: This is a unit torque perturbation profile. Time window is 0.1 second.
Magnitude, sign, and timing of perturbation change in each computer simulation.

perturbation with time window from 0.3 second to 0.4 second. This perturbation

magnitude changes with multiplier. The simulation model can incorporate various

kinds of crank torque perturbation by randomly chosen time window and magnitude.

The perturbation profile in Figure 4.8 is multiplied to create four di↵erent

cases in Table 4.2. For example, the baseline torque or less is added or subtracted

from the constant torque in LP1. Maximum perturbation magnitudes for LP3, LP5,

and LP7 are threefold, fivefold, and sevenfold respectively. Therefore, di↵erent

torque under the maximum perturbation value is added or subtracted from the

baseline torque with randomly moving 0.1 second window.

Figure 4.9 shows the learned pedaling motion with torque perturbation.

Maximum torque perturbation magnitude is 1 and minimum perturbation mag-

nitude is 0 (LP1 in Table 4.2). 0.1 second time window is applied as in Figure 4.8.
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Table 4.2: Model description when perturbation is applied during learning
Model Maximum perturbation magnitude while learning
LP1 1 ⇥ constant base torque
LP3 3 ⇥ constant base torque
LP5 5 ⇥ constant base torque
LP7 7 ⇥ constant base torque

Therefore, crank resistant torque is between 0 and and twice of the original constant

torque in the randomly selected 0.1 second window. In other words, unexpected var-

ious kinds of torque perturbation is applied during learning.

As in the previous constant resistant torque example, which is the model L0c

in Figure 4.7 and Table 4.1, the computer program was able to find pedaling motion

with torque perturbation (Figure 4.9). This shows that the combination of genetic

algorithm and neural network can use feedback information and is still able to learn

pedaling motion.

We increased maximum perturbation magnitude to threefold of the original

constant resistant torque as the next step in order to see if our computational scheme

can take care of larger torque perturbation and achieve pedaling motion. This is

the model LP3 in Table 4.2. Figure 4.10 shows that the feedback program is able

to learn pedaling movement as in the case with a lower torque perturbation (LP1

in Figure 4.9).

Maximum perturbation is increased to fivefold of the original value in Fig-

ure 4.11. Its model description is LP5 in Table 4.2. In other words, crank perturba-

tion is between 0 and five times as the original torque in the randomly selected 0.1

second time window. Despite the fact that the neural and biomechanical system is

disturbed by larger amount of perturbation on average, the system is still able to
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Figure 4.9: Overall pedaling motion is learned in the case crank resistant torque is
perturbed during neural network training phase (LP1 in Table 4.2). Perturbation
magnitude as high as the constant resistant torque is added or subtracted. Time
window is 0.1 second. Magnitude and timing of perturbation are random. Foot,
shank, and thigh angles (degree) are plotted in y axes. x axes are time (second). Line
plots are computer simulation results, and dashed lines are data from biomechanics
experiment.
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Figure 4.10: Overall pedaling motion is learned in the case crank resistant torque is
perturbed during neural network training phase (LP3 in Table 4.2). Perturbation
magnitude as high as threefold of constant resistant torque is added or subtracted.
Time window is 0.1 second. Magnitude and timing of perturbation are random.
Foot, shank, and thigh angles (degree) are plotted in y axes. x axes are time
(second). Line plots are computer simulation results, and dashed lines are data
from biomechanics experiment.
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Figure 4.11: Overall pedaling motion is learned in the case crank resistant torque is
perturbed during neural network training phase (LP5 in Table 4.2). Perturbation
magnitude as high as fivefold of constant resistant torque is added or subtracted.
Time window is 0.1 second. Magnitude and timing of perturbation are random.
Foot, shank, and thigh angles (degree) are plotted in y axes. x axes are time
(second). Line plots are computer simulation results, and dashed lines are data
from biomechanics experiment.
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Figure 4.12: Overall pedaling motion is learned in the case crank resistant torque is
perturbed during neural network training phase (LP7 in Table 4.2). Perturbation
magnitude as high as sevenfold of constant resistant torque is added or subtracted.
Time window is 0.1 second. Magnitude and timing of perturbation are random.
Foot, shank, and thigh angles (degree) are plotted in y axes. x axes are time
(second). Line plots are computer simulation results, and dashed lines are data
from biomechanics experiment.
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simulate pedaling motion. Although there are minor di↵erences between this case

and those with maximum perturbation of onefold and threefold of the original value,

it is reasonable to say the system learning capacity still holds at this point.

We increased maximum perturbation torque to sevenfold of the original con-

stant value after observing previous three successful examples. Comparison between

experimental and simulated motion of the model LP7 (Table 4.2) is shown in Fig-

ure 4.12. There are good kinematic agreements between these, and we are able to

say that the computational scheme using genetic algorithm and neural network still

achieves one cycle of pedaling motion with larger torque perturbation.

4.4 Multiple cycle simulation after learning with per-

turbation

Next step is investigating if observed successful simulation is maintained in the fol-

lowing multiple cycles of pedaling. We demonstrated that our computational system

can handle perturbation and is able to simulate pedaling motion that is comparable

to experimental kinematic data. Whether this trend holds in multiple cycles or not

is unknown. One possible scenario is over compensation for quick recovery from

perturbation may a↵ect movement later because the neural and biomechanical sys-

tem is described as ordinary di↵erential equations. It is easy to speculate that those

a↵ects will appear later, and there is a great possibility to see unpredictable a↵ects

in this case because of nonlinearity. It is also interesting to compare the control

strategies between with and without perturbation during learning.

Table 4.3 is the description of the models discussed in this section. We have
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Table 4.3: Model description for multi-cycle computations with the combination
of five di↵erent learning conditions in Table 4.1 and Table 4.2 with two torque
perturbation patterns

Model learning condition torque perturbation
L0c-AP2 L0c 2 ⇥ constant base torque
L0c-AP4 L0c 4 ⇥ constant base torque
LP1-AP2 LP1 2 ⇥ constant base torque
LP1-AP4 LP1 4 ⇥ constant base torque
LP3-AP2 LP3 2 ⇥ constant base torque
LP3-AP4 LP3 4 ⇥ constant base torque
LP5-AP2 LP5 2 ⇥ constant base torque
LP5-AP4 LP5 4 ⇥ constant base torque
LP7-AP2 LP7 2 ⇥ constant base torque
LP7-AP4 LP7 4 ⇥ constant base torque

obtained the models without perturbation (Table 4.1) and with di↵erent levels of

perturbation (Table 4.2). Two di↵erent torque perturbation are applied to these

models in order to see how the models reacts to them. These computer simulations

are expected to show how learning condition influences the capacity to handle torque

perturbation.

Figure 4.13 shows the kinematic comparison when two di↵erent torque per-

turbation profiles are applied to the model that has learned pedaling motion without

perturbation during learning phase (L0c in Table 4.1). The model did not experi-

ence perturbation during learning phase using genetic algorithm and neural network.

In other words, this is a trial to see if pedaling motion continues after torque per-

turbation even though the computer program did not actively let the model have

perturbation experience during learning. As seen in Figure 4.13, perturbation is

applied to the model between 0.3 and 0.4 second. Left column (L0c-AP2) includes

right foot, shank, and thigh angles with respect to the ground frame and crank

resistant torque profile. Torque in perturbation time window is twice as much as
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the constant resistant torque. The same are plotted in the right column (L0c-AP4)

while perturbation torque profile is di↵erent from the left column. Right column

perturbation is four times as much as the constant base torque.

Both cases overcome the e↵ects of torque perturbation regardless of its mag-

nitude. It was initially predicted that pedaling motion was going to be disturbed

and would lose the coordinated movement since the neural network had not received

any prior training that includes mechanical perturbation. Despite of this seemingly

reasonable speculation, both cases maintained well composed motion after 0.4 sec-

ond that is the end of perturbation and continued cyclic movement. Figure 4.13

shows only right hand side of kinematic data, but the left side of kinematics also

maintain cyclic pedaling motion after perturbation. It was also thought there would

be some di↵erence between small and large torque perturbation. However, there is

very few di↵erence between two cases.

Upon seeing the previous results, next computer simulation was conducted

in the same setting by using the model that had been trained with resistant torque

perturbation. Perturbation magnitude is between 0 and the base resistant torque

(LP1 in Table 4.2). It is reasonable to think this version shows more stable pedaling

motion or at least comparable results to those in Figure 4.13 because the model is

supposed to know what it is like when receiving mechanical perturbation through

learning phase.

Results were plotted in Figure 4.14. Contrary to our initial thoughts before

these two simulations, both cases did not maintain coordinated pedaling motion

after first cycle. Left column (LP1-AP2 in Table 4.3) includes right foot, shank,

and thigh angles, and the bottom is crank resistant torque profile. Likewise, right
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Figure 4.13: Plots show e↵ects of two levels of crank torque perturbation for the
model L0c in Table 4.1. Left column (L0c-AP2) includes right foot, shank, and
thigh angles and crank resistance torque. Perturbation magnitude is twice as much
as the constant resistant torque. Time window is from 0.3 to 0.4 second. Right
column (L0c-AP4) shows the same when fourfold of the constant torque is applied.
x axes are time (second), and y axes are angles (degree) for joint angles and Nm for
crank resistance torque.
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column (LP1-AP4) shows time histories of right foot, shank, and thigh angles for

the case of the bottom crank torque profile, in which the torque between 0.3 and

0.4 second is four times as much as the original constant value. The skeletal system

is no longer able to perform coordinated pedaling motion after first cycle and does

not recover later.

Coordinated human movement is learned through the changes of synaptic

connection between neurons [67]. The change of one connection among countless

neurons is not likely to a↵ect movement. But the summation of the changes oc-

curring in many neurons probably creates substantial e↵ects at the functional level.

Connection strength changes based on the past experience. This basic idea holds

not only in biological neurons but also in artificial neural network like the one we

are using in this study.

One can reasonably think the model that had prior perturbation experi-

ence (e.g. LP1 in Table 4.2) is likely to handle perturbation well compared to the

computational model without perturbation experience during learning (i.e. L0c in

Table 4.1). But looking at the results in Figure 4.13 and 4.14, we need to say what

we see is the opposite. The model without perturbation experience while learning

maintains coordinated movement a lot better than the model that has perturbation

experience.

One of the possible reasons why this happens may be attributed to the recov-

ery scheme from the disturbed motion by perturbation. The current computational

program that experiences perturbation during learning tries to recover within one

cycle after mechanical perturbation. This quick recover scheme may overly create

mechanical compensation, and then it will a↵ect later movement. Since the system
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is described by nonlinear ordinary di↵erential equations, quick recovery scheme may

cause the later uncoordinated movement. Alternative scheme would be slowly re-

covering from perturbation e↵ects through several cycles instead of quick recovery.

Coordinated movement may continue through many cycles with this change.

The same kind of computer simulation was conducted by using the model that

has perturbation experience as high as threefold (LP3 in Table 4.2) of the original

base torque (Figure 4.15). This model was able to maintain one cycle of pedaling

motion as in Figure 4.11. The purpose of this simulation is investigating how the

model with higher perturbation experience during learning handles perturbation

and if the coordinated movement continues.

Left column (LP3-AP2) of Figure 4.15 includes right foot, shank, and thigh

simulated angles and crank resistant torque profile while right column (LP3-AP4)

shows the same except that the crank torque profile is higher. The simulation setting

is the same in previous two figures (Figure 4.13 and 4.14) while the model used in

this computation had higher perturbation experience in learning phase.

Results in the left column indicates that this model has a little better capacity

to handle mechanical perturbation than the model in Figure 4.14 (LP1 in Table 4.2).

Pedaling movement coordination was lost after one cycle in Figure 4.14, but it

appears the model somehow maintains for at least two cycles in this case. It is hard

to say movement coordination for the case of the left column (LP3-AP2) is improved

from the results in Figure 4.14 (LP1-AP2). Higher perturbation is applied for the

right column simulation (LP3-AP4), and the system can not maintain pedaling

movement after one second or after one cycle.

The di↵erence between the models in Figure 4.14 and 4.15 is that the for-
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Figure 4.14: Plots show e↵ects of two levels of crank torque perturbation for the
model LP1 in Table 4.2. Left column (LP1-AP2) includes right foot, shank, and
thigh angles and crank resistance torque. Perturbation magnitude is twice as much
as the constant resistant torque. Time window is from 0.3 to 0.4 second. Right
column (LP1-AP4) shows the same when fourfold of the constant torque is applied.
x axes are time (second), and y axes are angles (degree) for joint angles and Nm for
crank resistance torque.
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mer had lower perturbation experience (LP1 in Table 4.2) during learning while the

later was exposed to higher perturbation (LP3 in Table 4.2) while learning ped-

aling motion. Movement performance improves from the former to the later for

the low perturbation computation (left column). However, there is no noticeable

improvement from the former to the later in the case of higher perturbation case

(right column). We can say the increased perturbation exposure during learning

appears to improve movement coordination after mechanical perturbation although

the di↵erence is relatively minor.

Our next step is to see how the model with even higher perturbation expe-

rience during learning performs. Perturbation magnitude in the learning phase is

randomly chosen between 0 and fivefold of the base torque inside a randomly selected

0.1 second time window (LP5 in Table 4.2). This means we uses the model used in

Figure 4.11. Our computational experiment is how this trained model performs for

two di↵erent torque profiles. One is twofold of the constant resistant torque between

0.3 and 0.4 second, and the other is fourhold in the same time window. We have

seen some improvement in movement coordination from the model in Figure 4.14

to the one in Figure 4.15. Our aim is to see if a similar performance improvement

is obtained.

Foot, shank, and thigh angles and lower torque perturbation profile is plotted

in the left column of Figure 4.16, which is described as the model LP5-AP2 while

the right column has corresponding angles and higher perturbation torque profile

(LP5-AP4). Results of LP5-AP2 tell that the trained model with perturbation as

high as fivefold of the original constant torque can handle the small perturbation

between 0.3 and 0.4 second and continues to perform coordinated pedaling motion.
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Figure 4.15: Plots show e↵ects of two levels of crank torque perturbation for the
model LP3 in Table 4.2. Left column (LP3-AP2) includes right foot, shank, and
thigh angles and crank resistance torque. Perturbation magnitude is twice as much
as the constant resistant torque. Time window is from 0.3 to 0.4 second. Right
column (LP3-AP4) shows the same when fourfold of the constant torque is applied.
x axes are time (second), and y axes are angles (degree) for joint angles and Nm for
crank resistance torque.
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Figure 4.16: Plots show e↵ects of two levels of crank torque perturbation for the
model LP5 in Table 4.2. Left column (LP5-AP2) includes right foot, shank, and
thigh angles and crank resistance torque. Perturbation magnitude is twice as much
as the constant resistant torque. Time window is from 0.3 to 0.4 second. Right
column (LP5-AP4) shows the same when fourfold of the constant torque is applied.
x axes are time (second), and y axes are angles (degree) for joint angles and Nm for
crank resistance torque.
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Figure 4.17: Plots show e↵ects of two levels of crank torque perturbation for the
model LP7 in Table 4.2. Left column (LP7-AP2) includes right foot, shank, and
thigh angles and crank resistance torque. Perturbation magnitude is twice as much
as the constant resistant torque. Time window is from 0.3 to 0.4 second. Right
column (LP7-AP4) shows the same when fourfold of the constant torque is applied.
x axes are time (second), and y axes are angles (degree) for joint angles and Nm for
crank resistance torque.
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Torque magnitude inside the time window is twice as much as the base torque.

However, when a larger magnitude is applied in the right column (LP5-AP4), the

model cannot sustain cyclic motion.

These results in Figure 4.16 along with previous results indicates that the

model is more sustainable when being applied perturbation if it has prior larger per-

turbation exposure during learning. As we have increased maximum perturbation

experience from one, three, and five times as much as the base torque value, the

model also has shown better capability to deal with applied perturbation. This also

empirically matches our notion that it is easy to create a movement which we have

practiced beforehand.

Our next computational simulation is applying the same perturbation profiles

to the model LP7 in Table 4.2. We have seen the trend that higher prior perturbation

experience increases the potential to deal with perturbation and lets the model

continue coordinated pedaling motion. In order to investigate if this holds true,

LP7 is used here.

Figure 4.17 shows two cases of simulation; one is lower perturbation, and the

other is higher perturbation. Both left (LP7-AP2) and right (LP7-AP4) columns

show cyclic coordinated pedaling movement before and after mechanical disturbance

between 0.3 and 0.4 second. These are right hand side angles, but similar patterns

are observed in the left side too. There are some ripples in right foot angle in the

right column, but overall pedaling performance is maintained in both cases.

It is speculated that pedaling performance is more adaptive in these cases

because the trained model has experienced higher perturbation during learning.

Looking at the results from Figure 4.14 to Figure 4.17, models that have higher
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perturbation experience during training are more likely to overcome the depicted

torque profiles including small and large perturbation.

4.5 Learning of pedaling motion with neural feedback

noise - uniform distribution

We examine how the computational system performs when noise is added to feedback

components in this section. This idea is based on the fact that neurons are not

accurate cells in terms of action potential generation. Action potential is fired with

probability even under the controlled experimental setting [72]. In other words,

neurons sometimes generate action potential but sometimes not upon receiving the

same inputs. Also, recent findings in molecular biology showed noisy neurons survive

longer than accurate neurons [77]. Although the word inaccurate connotes negative

in general, noise and inaccuracy in the biological neural system may be perceived as

useful and positive elements. In addition, external noise to sensory neurons enhances

sensing capability [88, 89], and it is suggested that existence of internal noise may

have significant roles in the neural system [73]. Therefore, there are plenty of reason

to add noise to our computational pedaling model. It may elucidate the meanings

of noise and inaccuracy of the biological neurons and neural system.

We apply feedback noise with three di↵erent kinds of uniform distribution

(Figure 4.18) [151] as in Table 4.4. LNU005, LNU010, and LNU015 have random

noise with uniform distribution but with three kinds of di↵erent ranges.

Our first case LNU005 (Table 4.4) is applying noise with uniform distribution

([-0.05,0.05]) to sensory feedback components (Figure 3.1). It is added or subtracted
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Figure 4.18: Schematic plot of the probability density function (PDF) of uniform
distribution noise.

from feedback signals. Since noise magnitude is small enough compared to the sen-

sory feedback signals, the context units of the artificial neural network still receives

information that is not accurate but close to ongoing movement information.

Figure 4.19 shows that our computational system is still able to learn pedaling

motion with the existence of noise. Joint angles of computer simulation are plotted

with experimental data. There are good agreements between these, and simulation

curves are smooth without ripples compared to some of the models that are trained

with perturbation. We also performed computer simulation in the same manner

with smaller noise, and similar results were obtained. It is reasonable to state that

our computational system can deal with noise when it is within 0.05 and does not

require accurate feedback information. The capability of this model is similar to the

biological neural system in which action potential is not generated in accurate and

precise manner.

91



!"# !"$ !"% !"& '"!

-$!

-(!

-#!

-'!

!"# !"$ !"% !"& '"!

-'(!

-'#!

-''!

-'!!

!"# !"$ !"% !"& '"!

-%!

-(!

-$!

-)!

-#!

!"# !"$ !"% !"& '"!

-$!

-(!

-#!

-'!

!"# !"$ !"% !"& '"!

-'(!

-'#!

-''!

-'!!

!"# !"$ !"% !"& '"!

-%!

-(!

-$!

-)!

-#!

!"#$%&'((%

!"#$%&)$*+,

!"#$%&%$"#$

-.'%&'((%

-.'%&)$*+,

-.'%&%$"#$

/(
"+
%&*
+#
-.
)&0
1.
#2

%"3.&0).42 %"3.&0).42

5(1.-6&789::;

Figure 4.19: Overall pedaling motion is learned when noise with uniform distribution
[-0.05,0.05] is added to feedback components. This is the model LNU005 in Table 4.4.
Foot, shank, and thigh angles (degree) are plotted in y axes. x axes are time
(second). Line plots are computer simulation results, and dashed lines are data
from biomechanics experiment.
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Figure 4.20: Overall pedaling motion is learned when noise with uniform distribution
[-0.1,0.1] is added to feedback components. This is the model LNU010 in Table 4.4.
Foot, shank, and thigh angles (degree) are plotted in y axes. x axes are time
(second). Line plots are computer simulation results, and dashed lines are data
from biomechanics experiment.
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Figure 4.21: Overall pedaling motion is learned when noise with uniform distribution
[-0.15,0.15] is added to feedback components. This is the model LNU015 in Table 4.4.
Foot, shank, and thigh angles (degree) are plotted in y axes. x axes are time
(second). Line plots are computer simulation results, and dashed lines are data
from biomechanics experiment.
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Table 4.4: Model description when uniform distribution noise is applied to feedback
Model Noise magnitude
LNU005 [-0.05, 0.05]
LNU010 [-0.1, 0.1]
LNU015 [-0.15, 0.15]

We increased noise magnitude upon successful learning in the previous case

in order to see the computational system is able to handle larger noise. Applied

noise has uniform distribution [-0.1,0.1] (LNU010 in Table 4.4). Figure 4.20 shows

that simulation results matches experimental data. There are no ripples that have

been seen in some of the previous simulations. We can say that our computational

system is still able to learn pedaling motion when larger noise is added to feedback

signals.

Whether the computational model can still learn pedaling motion with fur-

ther increase of noise is tested in Figure 4.21. Distribution of added noise is uniform

as the models of LNU005 and LNU010, but the range is increased to [-0.15,0.15]

(LNU015 in Table 4.4). This model learned overall pedaling motion. However,

there are deviation between computer simulation and experimental data. We can

also see some jerky movement in all joint angles.

We can say that our computational model can learn pedaling motion with

the addition of noise to recurrent signals that feed the context units of the input

layer of the neural network. Although the model is capable of simulating coordi-

nated movement at three di↵erent levels of noise, larger noise appears to hinder the

computational capacity based on the observation of these three cases. Yet, perfor-

mance is similar to the biological neural system that is functional in spite of the

existence of noise and inaccuracy.
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4.6 Multiple cycle simulation after learning with uni-

form distribution noise

We conduct more computer simulations to investigate how the model trained with

uniform distribution noise handles perturbation. We performed computational tests

to see if the model trained with perturbation can overcome the e↵ects of two di↵erent

perturbation profiles in section 4.4. We use the same time histories of crank resistant

torque for the models that has learned pedaling motion with noise with uniform

distribution (Figure 4.19, 4.20, 4.21).

Table 4.5 shows six di↵erent kinds of models of computer simulation using

the models using three conditions LNU005, LNU010, and LNU015 in Table 4.4.

Each of three has two torque perturbation patterns. Twice of the baseline torque

is applied between 0.3 and 0.4 second in one case, and the other case is that torque

perturbation is four times as much as the constant torque in the same time window.

Figure 4.22 shows joint angles and torque profiles at the bottom. LNU005 in

Table 4.4 is able to take care of the left hand side case where crank resistant torque

is increased to twice of the base torque between 0.3 and 0.4 second. This is the

case LNU005-AP2 in Table 4.5. Right joint angles show cyclic coordinated pedaling

motion before and after the perturbation. Joint angles of left extremities also show

the similar pattern although these are not plotted in the figure. However, initially

coordinated movement loses the typical cyclic pattern later in the third cycle in

the right hand side plots (LNU005-AP4) where perturbed torque magnitude is four

times as much as the base value.

One of the possible reasons that the model cannot handle the larger pertur-
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Table 4.5: Model description for multi-cycle computations with the combination of
three di↵erent learning conditions in Table 4.4 with two torque perturbation patterns

Model learning condition torque perturbation
LNU005-AP2 LNU005 2 ⇥ constant base torque
LNU005-AP4 LNU005 4 ⇥ constant base torque
LNU010-AP2 LNU010 2 ⇥ constant base torque
LNU010-AP4 LNU010 4 ⇥ constant base torque
LNU015-AP2 LNU015 2 ⇥ constant base torque
LNU015-AP4 LNU015 4 ⇥ constant base torque

bation is that the computational learning is conducted for one cycle of pedaling.

The model contains a set of many ordinary di↵erential equations, so current events

a↵ect the system later. As this neural and biomechanical system is nonlinear, later

e↵ects could be large and are unpredictable in many cases. Therefore, the model

trained for one cycle is not equal to the system that continues to perform cyclic

pedaling motion thereafter. Later uncoordinated movement for the larger torque

perturbation case may be improved if model training is conducted for longer time

instead of one second (cycle).

Next model tested in the same two torque profiles is the one described in

LNU010 in Table 4.4. Added noise during learning is uniform distribution, and

its magnitude is increased from [-0.05,0.05] to [-0.1,0.1]. Figure 4.23 shows the

results. The model again performs well before and after the small perturbation

(LNU010-AP2). Joint angles show three cycles of coordinated pedaling movement

in the left hand side. But LNU010-AP4 cannot respond and overcome the e↵ects of

perturbation later in the simulation (i.e. after about 1.5 seconds).

One consideration after looking at these results is that it is sometimes hard

to locate the most important part of the system since the system includes multiple

factors. The neural and biomechanical system is a distributed system and not a
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Figure 4.22: Plots show e↵ects of two levels of crank torque perturbation for the
model LNU005 in Table 4.4. Noise is uniformly distributed [-0.05,0.05]. Angles of
right foot, shank, and thigh are plotted with the resistant torque profiles at the
bottom. Torque perturbation time window is from 0.3 to 0.4 second. x axes are
time (second), and y axes are angles (degree) for joint angles and Nm for crank
resistance torque.
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Figure 4.23: Plots show e↵ects of two levels of crank torque perturbation for the
model LNU010 in Table 4.4. Noise is uniformly distributed [-0.1,0.1]. Angles of
right foot, shank, and thigh are plotted with the resistant torque profiles at the
bottom. Torque perturbation time window is from 0.3 to 0.4 second. x axes are
time (second), and y axes are angles (degree) for joint angles and Nm for crank
resistance torque.
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Figure 4.24: Plots show e↵ects of two levels of crank torque perturbation for the
model LNU015 in Table 4.4. Noise is uniformly distributed [-0.15,0.15]. Angles of
right foot, shank, and thigh are plotted with the resistant torque profiles at the
bottom. Torque perturbation time window is from 0.3 to 0.4 second. x axes are
time (second), and y axes are angles (degree) for joint angles and Nm for crank
resistance torque.
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centralized system. Each node of the neural network has its own role, but the func-

tionality of of the system is evaluated as the summation of all nodes and learning

capability of genetic algorithm. Genetic algorithm itself also deals with many chro-

mosomes, and all of them influence each other. None of them dictates the algorithm

either. Therefore, it is hard to select one unique factor that decides the system

behavior. This statement is also true for parameters in the model. Magnitude of

uniform distribution noise is increased from [-0.05,0.05] (Figure 4.22) to [-0.1,0.1]

(Figure 4.23) as one of model parameters. The results are short of saying that this

parameter is a major factor to improve pedaling performance in this range of change.

However, further increase of noise magnitude to [-0.15,0.15] (LNU015 in Ta-

ble 4.4) changes the model capacity to deal with resistant torque perturbation (Fig-

ure 4.24). Left column (LNU015-AP2) in the figure includes right foot, shank, and

thigh angles along with a low torque perturbation profile. These figures show the

model maintains coordinated pedaling movement after the perturbation between 0.3

and 0.4 second. There are no prominent di↵erences in the left columns from Fig-

ure 4.22 to Figure 4.24. On the other hand, noise increase during learning appears to

have an influence for a larger torque perturbation case that is depicted in the right

hand side (LNU015-AP4) of Figure 4.24. This model is able to continue coordinated

pedaling movement after the perturbation four times as much as the baseline torque

while the models trained with smaller noise in the previous two cases (Figure 4.22

and Figure 4.23) were not able to overcome the e↵ects. Increase of noise magnitude

seems to have few influence on the system when it is increased from [-0.05,0.05] to [-

0.1,0.1], but the change of noise magnitude has a striking e↵ects when it is increased

from [-0.1,0.1] to [-0.15,0.15].
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4.7 Learning of pedaling motion with neural feedback

noise - normal distribution

After we have taken a look at the simulation results in the previous section, we

change random noise distribution from uniform to normal in this section [151]. As

we can see in Figure 4.25, noise has even distribution in the range for uniform

distribution. But more noise is likely to be closer to the mean for normal distribution.

Our objective is applying the noise with normal distribution and seeing how the

computational model learns and handles the perturbation e↵ects.

One of the major reasons to introduce normal instead of uniform distribution

is based on the idea that normal distribution may represent a better noise profile

in the neural system. Assuming neurons do not respond to inputs in deterministic

manner [72], it is reasonable to think there is some kind of statistical distribution of

uncertainty. When considering a statistical profile of uncertainty, one may think nor-

mal distribution constructs a better profile than uniform distribution (Figure 4.25).

Normal distribution statistically tends to have smaller noise than larger noise. Al-

though there is no experimental evidence what kind of distribution is the fittest to

represent neuron’s uncertainty in this computational framework, it is worthwhile

to use normal distribution and compare results with those obtained from uniform

distribution.

Three normal distribution patterns are implemented as in Table 4.6. All of

those have the same mean (= 0) but di↵erent standard deviation. Noise distribution

becomes wider from LNN005 to LNN015. This is the similar to the idea that noise

range changes from a model to another for the uniform distribution case in Table 4.4.
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Figure 4.25: Schematic plots of two di↵erent probability density function (PDF) of
noise. Left is uniform distribution, and right is normal distribution.

Table 4.6: Model description when normal distribution noise is applied to feedback
Model Standard deviation mean
LNN005 0.05 0
LNN010 0.1 0
LNN015 0.15 0
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Learned results with random normal distribution noise added to feedback

components are plotted in Figure 4.26 (LNN005). Standard deviation is 0.05, and

mean is 0. Thus, context units of the neural network input layer does not receive

accurate information of kinematics. Note there is possibility random noise is zero.

These context units get real kinematic values in this case.

Our computer program using genetic algorithm and neural network is able

to learn gross pedaling movement as in Figure 4.26. Overall joint angles of both

thighs and shanks of computer simulation fit the experimental data. But both foot

angles do not show smooth movement that is more or less di↵erentiated from data

obtained by biomechanical experiment.

Initial guess before simulation with this statistical distribution was that

learned movement is somehow close to the ones with uniform distribution [-0.05,0.05]

and [-0.1,0.1], which are in Figure 4.19 and 4.20. About 95% of noise is within -0.1

and 0.1 with the statistics of the added normal distribution noise. Furthermore,

there is greater possibility that smaller noise is produced compared to uniform dis-

tribution. With these in mind, it was expected to get results somehow closer to

LNU005 and LNU010 in Table 4.4.

It is true that results in Figure 4.26 learns overall pedaling motion, and the

results are comparable to those with uniform distribution in Figure 4.19 and 4.20

in that respect. But the di↵erence is that both foot angles in LNN005 show ripples

while LNU005 (Figure 4.19) and LNU010(Figure 4.20) show smoother movement

with uniform distribution.

Figure 4.27 shows joint angles of both legs after learning when normal distri-

bution noise (standard deviation=0.1, mean=0) is applied to feedback components
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Figure 4.26: Overall pedaling motion is learned when noise with normal distribution
is added to feedback components for the model LNN005 in Table 4.6. Foot, shank,
and thigh angles (degree) are plotted in y axes. x axes are time (second). Line
plots are computer simulation results, and dashed lines are data from biomechanics
experiment.
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Figure 4.27: Overall pedaling motion is learned when noise with normal distribution
is added to feedback components for the model LNN010 in Table 4.6. Standard
deviation is 0.1, and mean is 0. Foot, shank, and thigh angles (degree) are plotted
in y axes. x axes are time (second). Line plots are computer simulation results, and
dashed lines are data from biomechanics experiment.
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Figure 4.28: Overall pedaling motion is learned when noise with normal distribution
is added to feedback components for the model LNN015 in Table 4.6. Standard
deviation is 0.15, and mean is 0. Foot, shank, and thigh angles (degree) are plotted
in y axes. x axes are time (second). Line plots are computer simulation results, and
dashed lines are data from biomechanics experiment.
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(LNN010). About 95% of noise is placed within -0.2 and 0.2 with this statistics.

Therefore, noise has a wider distribution compared to the model LNN005 in Fig-

ure 4.26. Simulated joint angles are smooth as compared to those in LNN005 and

matches well to experimental data.

Looking at these results, it seems that increased standard deviation of noise

is a factor that improves the performance of pedaling movement. As in Figure 4.26,

movement is jerky with lower standard deviation. However, pedaling motion is close

to kinematics when noise distribution is widen.

We further increased standard deviation (= 0.15) of random noise in the

next computer simulation (LNN015 in Table 4.6). This means about 95% of random

noise stays in the range [-0.3,0.3]. Our program is able to learn pedaling motion

in this case too (Figure 4.28). Overall joint angles of foot, shank, and thigh match

experimental data although deviation from experimental data is observed near the

peak values.

Having seen the results from LNN005 to LNN015, we are able to say that

our program is capable of learning pedaling motion with the presence of normal

distribution noise. Narrower distribution case (LNN005) shows somewhat jerky

movement, but it still achieves the overall motion. Movement is smoother and closer

to experimental data in the cases of LNN010 and LNN015. When we increased the

range of uniform distribution up to [-0.15,0.15] in Figure 4.21, learned movement was

not as good as those with uniform distribution noise with smaller ranges. However,

such trend is not seen for three normal distribution cases. All three cases in Table 4.6

show comparable results with experiment.
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Table 4.7: Model description for multi-cycle computations with the combination of
three di↵erent learning conditions in Table 4.6 with two torque perturbation patterns

Model learning condition torque perturbation
LNN005-AP2 LNN005 2 ⇥ constant base torque
LNN005-AP4 LNN005 4 ⇥ constant base torque
LNN010-AP2 LNN010 2 ⇥ constant base torque
LNN010-AP4 LNN010 4 ⇥ constant base torque
LNN015-AP2 LNN015 2 ⇥ constant base torque
LNN015-AP4 LNN015 4 ⇥ constant base torque

4.8 Multiple cycle simulation after learning with nor-

mal distribution noise

We examine how the models developed in section 4.7 respond to di↵erent torque

perturbation profiles in this section. This is based on the same idea that developed

models with perturbation or uniform feedback noise experience were tested to see

the reactions to perturbation in sections 4.4 and 4.6. The purpose of this section

is to see if we are able to obtain new results and di↵erent insights into the neural

coordination of pedaling by the addition of normal distribution noise.

Table 4.7 includes six models used in this section. Three learning conditions

LLN005, LLN010, and LLN015 defined in Table 4.6 are combined with two di↵erent

torque perturbation cases. As in the previous cases, one perturbation profile is

twofold of the baseline torque between 0.3 and 0.4 second, and the other case is

fourfold in the same time window.

Computational results of LNN005-AP2 and LNN005-AP4 are plotted in the

left and right hand sides of Figure 4.29 respectively. LNN005-AP2 shows that this

model is able to maintain pedaling motion for one cycle after the lower perturbation

between 0.3 and 0.4 second. However, movement is no longer well coordinated from
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the second cycle and thereafter. The case of LNN005-AP4 shows more worse than

LNN005-AP2. The model cannot complete even a cycle when the larger perturbation

is applied.

These results are somewhat unexpected. Since LNN005’s noise distribution

range is similar to LNU005 and LNU010, It was thought to be reasonable to expect

similar results in all three cases upon application of two torque perturbation cases.

However, results of LNU005 and LNU010 in Figure 4.22 and 4.23 represents the

similar trajectories to experiment compared to those in Figure 4.29. This di↵erence

appears to be caused by random noise distribution pattern, although it is not sure

if this is the only cause.

Then, we applied the same torque patterns to the model LNN010 to see if we

can observe any di↵erence. Left column of Figure 4.30 shows joint angles of right

leg and crank torque profile (LNN010-AP2). The model LNN010 is capable of over-

coming the smaller perturbation. However, the model with the higher perturbation

case (LNN010-AP4) does not respond well. This model is able to perform the first

one cycle of pedaling as in almost all previous cases, but it later loses coordinated

movement.

Figure 4.31 shows the e↵ects of perturbation for the model LNN015 (Ta-

ble 4.6). Standard deviation is 0.15, and mean is 0 (Table 4.6). When the smaller

perturbation is applied to the model (LNN015-AP2), it is able to perform cyclic ped-

aling movement over the entire simulation period. On the contrary, the right hand

side (LNN015-AP4) does not perform pedaling movement after one cycle. These

results are similar to those in Figure 4.30.

In summary of this section, three models with the smaller perturbation per-
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Figure 4.29: Plots show e↵ects of two levels of crank torque perturbation for the
model LNN005 in Table 4.6. Left column (LNN005-AP2) includes right foot, shank,
and thigh angles and crank resistance torque when twofold of the constant torque is
applied from 0.3 to 0.4 second. Right column (LNN005-AP4) shows the same when
fourfold of the constant torque is applied. x axes are time (second), and y axes are
angles (degree) for joint angles and Nm for crank resistance torque.
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forms well while the cases for the larger perturbation do not go beyond the first

cycle. These lost coordination for the larger perturbation case may be due to the

fact that the model is trained for only one cycle of pedaling. Since the model tries

to match movement trajectories to experimental data over a cycle in learning, it

tries to quickly recover from external disturbance. If training of neural network is

performed over several cycles, the model may abandon a fast recovery strategy and

take a slow recovery instead. Then, the e↵ects of overcompensation that is possibly

created in one cycle learning may become smaller, and the uncoordinated movement

may disappear. There are short latency reflex at the spinal level and transcortical

feedback components [67]. The former takes only about 50ms for lower extremi-

ties; however, the later takes long time as feedback signals are widely distributed

to many regions of the CNS. Therefore, it is reasonable to include slower recover

strategy along with short one from the biological perspective although we did not

have this version of model in the present study.

4.9 Phase plane analysis of pedaling motion

Phase plane analysis visualizes the state trajectories in state versus state [70], which

is di↵erent from our previous figures plotted in time versus state manner. Although

these are the description of the same physical quantities, we may be able to extract

di↵erent information through phase plane graph. We pick up several cases from

those discussed before and analyze the characteristics of each model.

First phase plane analysis is for the model L0c (Table 4.1). Figure 4.32 shows

the first six cycles pedaling motion. Left graph plots right foot angle versus right

shank angle while the right side of the figure shows the right foot and thigh angles.
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Figure 4.30: Plots show e↵ects of two levels of crank torque perturbation for the
model LNN010 in Table 4.6. Left column (LNN010-AP2) includes right foot, shank,
and thigh angles and crank resistance torque when twofold of the constant torque is
applied from 0.3 to 0.4 second. Right column (LNN010-AP4) shows the same when
fourfold of the constant torque is applied. x axes are time (second), and y axes are
angles (degree) for joint angles and Nm for crank resistance torque.
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Figure 4.31: Plots show e↵ects of two levels of crank torque perturbation for the
model LNN015 in Table 4.6. Left column (LNN015-AP2) includes right foot, shank,
and thigh angles and crank resistance torque when twofold of the constant torque is
applied from 0.3 to 0.4 second. Right column (LNN015-AP4) shows the same when
fourfold of the constant torque is applied. x axes are time (second), and y axes are
angles (degree) for joint angles and Nm for crank resistance torque.

114



Trajectories of all six cycles fairly overlap each other, and each plot comes back to

the almost same point one cycle before. Looking at these graphs, this nonlinear

neural and biomechanical system is able to repeat the pedaling motion.

Next phase plane plots (Figure 4.33) are the first six cycles of L0c (Table 4.1)

when twofold of the baseline crank torque is applied between 0.3 and 0.4 second.

This is the extended version of the model L0c-AP2 (Table 4.3) from three cycles to

six cycles. Right shank angle is plotted against right foot angle on the left, and right

foot and thigh angles are plotted in the right hand side. The comparison between

Figure 4.32 and 4.33 shows that trajectories with perturbation do not overlap each

other as close as those without perturbation. Although trajectories do not come

back to the same points after each cycle, the system is still attracted to the similar

movement over the cycles.

This is probably a good point to bring up the fact that real human movement

has variability [99]. Movement trajectory is not the same trial after trail in human

experiment unlike industrial robots that repeat the same movement precisely many

times. For example, arm movement trajectory between two points are distributed

around the average trajectory of many trials. Also, execution time is di↵erent in

each trial. It is often erroneously thought that complete repeatability is ideal in

human movement, but the fact is the neural system is not formulated to repeat

the same movement even when it is instructed to do so. This is one of prominent

di↵erences between human and industrial robots. Human neural system seems to be

satisfied or say “fine” as far as movement trajectory stays inside a certain range from

the average trajectory. In other words, there is no only one solution when the neural

system executes a certain movement. Many solutions are fine in the CNS as far as
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movement criteria including reasonable trajectory distribution are satisfied. It is not

clear at this point what are these criteria and how they are formulated inside the

biological neural network. Nevertheless, having variable movement paths within a

certain distribution like those in Figure 4.32 and 4.33 is welcomed from the viewpoint

that variability represents an inherent characteristics of the CNS. Therefore, we are

able to say our model can represent the unique feature of variability with reliance

through these computational results.

Figure 4.34 shows how the model L0c (Table 4.1) responds to the perturba-

tion as high as fourfold of the baseline torque in phase plane. This model extends

the model L0c-AP4 (Table 4.3) to six cycles. Right foot and and shank angles are

plotted on the left, and right thigh angle is plotted against right foot angle on the

right. Movement paths do not overlap compared to those in Figure 4.32 and 4.34.

However, overall cyclic movement is maintained with a larger distribution.

In addition to the previous three models that are trained without noise,

we would like to demonstrate phase plane analysis of the model which are trained

with uniform distribution noise. Figure 4.35 shows the phase plane of the first six

cycles. This is how the model trained with uniform distribution noise performs in

plain condition, or without torque perturbation. It is the extension of the model

LNU010 (Table 4.4) to six cycles. Left side shows right foot and shank angles. Right

thigh angle is plotted against right foot angle on the right. This model shows some

variation on both graphs compared to Figure 4.32 with cyclic patterns. This model

is trained with noise, and this creates the di↵erence between these two.

Figure 4.36 shows phase plane of the model LNU010-AP2 (Table 4.5) for six

cycles. Right foot versus shank angle plot is cyclic with some variation from cycle
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Figure 4.32: Phase plane analysis of learned pedaling motion (L0c in Table 4.1).
Left plot shows right foot and shank angles. Right plot shows right foot and thigh
angles. Both show trajectory overlap with a small distribution.

to cycle. So is the case for the right side of the figure. It does not show much

di↵erence from Figure 4.35 although variation appears to increases. Twofold torque

perturbation does not look like a large impact by performing phase plane analysis.

The same analysis is performed for the model LNN010 (Table 4.6) by ex-

tending cycles to six. The model is trained with normal distribution noise that is

added to feedback components. Figure 4.37 shows phase planes of this model. Left

plot shows right foot angle versus shank angle. Right thigh angle is plotted against

right foot angle on the right. Despite the fact that the model is trained with noise,

both phase planes show small variability. Right plot does not show a sharp turning

point at the bottom of the circle unlike all of the previous cases. These plots show

consistent movement which is similar to those in Figure 4.32.
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Figure 4.33: Phase plane analysis of pedaling motion when twofold of the baseline
torque is applied. This is the extended version of the mode L0c-AP2 (Table 4.3) to
six cycles. Left plot shows right foot and shank angles. Right plot shows right foot
and thigh angles. Trajectory shows variability while maintaining overall coordinated
behavior.
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Figure 4.34: Phase plane analysis of pedaling motion when fourfold of the baseline
torque is applied. This is the extended version of the mode L0c-AP4 (Table 4.3) to
six cycles. Left plot shows right foot and shank angles. Right plot shows right foot
and thigh angles. Trajectory shows large variation from cycle to cycle in both cases.

119



-!" -#" -$" -%" -&"

-&$"

-&%"

-&&"

-&""

-!" -#" -$" -%" -&"

-!"

-#"

-$"

-%"

!"#$%&'((%&)*#+,&-.,#/ !"#$%&'((%&)*#+,&-.,#/

!"#$%0$)*1&)*#+,&-.,#/ !"#$%&%$"#$&)*#+,&-.,#/
2(.,+3&456787

Figure 4.35: Phase plane analysis of pedaling motion when uniform distribution
noise is applied to feedback components. It is the extension of the model LNU010
(Table 4.4) to six cycles. Left plot shows right foot and shank angles. Right plot
shows right foot and thigh angles. Coordinated movement is maintained with some
variation from cycle to cycle.
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Figure 4.36: Phase plane analysis of pedaling motion when the number of cycle for
the model LNU010-AP2 (Table 4.5) is extended to six. Left plot shows right foot
and shank angles. Right plot shows right foot and thigh angles. Each trajectory
shows di↵erent path from cycle to cycle while overall pattern is preserved.
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Figure 4.37: Phase plane analysis of pedaling motion when normal distribution
noise is applied to feedback components. It is the extension of the model LNN010
(Table 4.6) to six cycles. Left plot shows right foot and shank angles. Right plot
shows right foot and thigh angles. Coordinated movement is maintained with small
variation.
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Figure 4.38: Phase plane analysis of pedaling motion when the number of cycle for
the model LNN010-AP2 (Table 4.7) is extended to six. Left plot shows right foot
and shank angles. Right plot shows right foot and thigh angles. Movement loses
coordination after several cycles of simulation in both graphs.
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Finally, twice of the baseline torque is applied between 0.3 and 0.4 second to

the model LNN010. This means the simulation cycle is extended from three to six

cycles for the model LNN010-AP2 (Table 4.7). Figure 4.38 shows phase planes like

our previous cases. These show trajectories deviated from circular patterns after

several cycles, and we can tell that the model loses coordinated movement. Yet, one

noticeable point is there is no sharp turning point at the bottom of the right plot,

and this indicates a smoother movement. Applied normal distribution noise while

learning may be the factor to get rid of the sharp point since we do not see it in

both Figure 4.37 and 4.38.

All cases except one show variability with cyclic pedaling movement through

phase plane analysis. Only model LNN010-AP2 lost coordination later. Developing

a computational model that creates cyclic movement with variation is one of our

research goals, since there is variability in kinematics of movement and uncertainty

at the cellular level of the neural system. Our models show that we are able to

create variability by adding noise to the nodes in our artificial neural network. In

addition, when external mechanical perturbation is added to the system, the models

are able to maintain cyclic behavior with wider distribution in phase plane trajec-

tories. These are the characteristics we see in human movement, in particular, and

they di↵erentiated our models from many industrial robots that are often designed

to repeat the same motion. It is reasonable to say our model is successful in this

regard although the model LNN010-AP2 shows poor performance.
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4.10 Spinal feedback modulation

We would like to show the time histories of spinal feedback modulation from our

computer simulation. One of our research goals stated in chapter 1 is testing if

our computational model is able to recreate the feedback gain pattern measured

in neuroscience experiments. We also aimed at elucidating general reasons of gain

modulation that is seen in cyclic movement such as gait and pedaling. Although gain

modulation pattern is di↵erent from gait [4, 132, 144] to pedaling [13, 15, 16, 22],

it may be possible to identify a universal neural logic that generates various gain

modulation patterns in di↵erent movements.

Our initial goal was computationally performing the same spinal feedback

experiment summarized in Brooke et al. [15], but we have not been able to reach

that stage in this study. One of the possible ways conducting it would be changing

the recurrent feedback signal from the musculoskeletal model to the neural network

input layer. For example, muscle length, which is largely proportional to Ia a↵er-

ent signal, can be calculated through the musculoskeletal model. Therefore, it is

theoretically possible to observe the system response by including muscle length

feedback. However, our current model feedback component consists of only joint

kinematic information, but no information related to muscle geometry is included.

As a result of this limitation, we are unable to perform computational experiment

that corresponds to H-reflex. One of the major reasons that muscle related kine-

matic information is not included in our current models is that we had to reduce

computational load and maintain a relatively smaller size of computational protocol

with fewer feedback signals. Our models also focused on repeatability and adaptive

behavior to perturbation and neural noise. Because of this research orientation,
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there is some di↵erence in EMG patterns between computation and pedaling ex-

periment. When these issues are resolved, we will be able to perform larger scale

computational trials that mimic H-reflex [15] or stretch reflex experiments [3].

Instead of precisely creating a computational version of H-reflex experiment,

we have performed relatively simpler computational experiments to test how our

artificial neural network responds to feedback signal. We calculated muscle activa-

tion in two cases, which are when crank perturbation is applied and when not. As

joint kinematics changes when external load is applied (e.g. comparison between

Figure 4.32 and Figure 4.33), our feedback signal composed of joint kinematics also

change. Then, we can see how this change a↵ects the outputs from the neural net-

work, which is muscle activation (Figure 3.1). We are still able to see whether our

computational system responds to kinematic changes in this setting.

Figure 4.39 shows one of our computational trials. First, we calculated soleus

activation without mechanical perturbation for the model L0c (Table 4.1) from 0

to 1 sec with 0.2 sec increment. Then, next procedure is calculating activation at

the same points while we apply twice of the baseline torque for the period of 0.1

sec from 0.05 to 0.85 sec with 0.2 sec increment, and we detected activation 50 ms

later after perturbation was completed. This is based on the fact it takes about

50 ms for the a↵erent feedback signals turning into e↵erent signals and reaching at

muscle cell via spinal neural system [13]. Each simulation was run independently.

Then, the ratio between the cases with and without perturbation was calculated by

dividing activations with perturbation with the ones without it at respective points.

Thus, activation ratio is dimensionless quantity, and activation ratio 1 means there

is no di↵erence between two conditions. Figure 4.39 shows activation ratio changes
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throughout the pedaling cycle. The number is lowest at 0.2 sec and highest at 0.6

sec.

We are able to reach two conclusions with this graph. One is our computa-

tional model responds to the changes of feedback signals by seeing activation ratio

is not equal to 1. Second conclusion is feedback scheme does not stay at the same

level in the entire pedaling cycle in response to the same external mechanical per-

turbation. These indicate the functional feedback scheme of this model is phase

dependent against the same external mechanical change. Although this is not the

computational experiment that exactly mimics all the features in H-reflex experi-

ment [13, 15, 16, 22], phase dependent feedback profile in these published papers is

recreated in our computer simulation.

The same is calculated for another model LP1 (Table 4.2) in Figure 4.40. This

model is trained with perturbation when learning pedaling motion. Neural feedback

system responds to external mechanical perturbation in this case too although it

stays near 1 compared to the result in Figure 4.39. We are able to say that our aim

is achieved in the point that activation ratio in this graph is also phase dependent.

Figure 4.41 shows the results in response to the same procedure in the case

of an energy saving mode. Muscle contraction is e�cient in eccentric contraction

because ATP splitting process in muscle cell requires less metabolic energy in this

condition according to cross-bridge theory [1, 67]. So it makes sense to try to take

advantage of eccentric contraction in pedaling too. After the model went through

a learning process, we calculated soleus activation responding to the external me-

chanical perturbation. Again, activation pattern changes throughout the pedaling

cycle. Note that activation ratio is phase dependent in this case too.
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We are able to confirm through these examples that our computational mod-

els somehow respond to di↵erent feedback signals induced by external mechanical

perturbation. In addition, our observation shows that activation ratio is di↵erent at

respective points in all cases. In other words, phase dependent activation response is

structured in the system. Calculation of activation ratio does not precisely recreate

experimental conditions in H-reflex [15] or stretch reflex experiments [3]. However,

we are able to state that our computational system is responding to feedback sig-

nal and that activation ratio is phase dependent. These results highlight the most

important part of gain modulation pattern in H-reflex experiments [15]. It is signifi-

cant for us to accomplish these two important system properties, and further model

extension is expected in the future.
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Figure 4.39: Activation ratio of the plain pedaling L0c. 0.1 sec crank torque pertur-
bation window is applied from 0.05 sec to 0.85 sec with 0.2 sec increment. Activation
is calculated 50ms after the completion of each perturbation. Each simulation trial
is performed independently. Activation ratio is the nondimensional number which is
soleus activation with perturbation divided by the one without perturbation. There-
fore, activation ratio reflects the di↵erence between the pedaling with and without
perturbation.
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Figure 4.40: Activation ratio of the model LP1, which is trained with perturbation.
0.1 sec crank torque perturbation window is applied from 0.05 sec to 0.85 sec with
0.2 sec increment. Activation is calculated 50ms after the completion of each per-
turbation. Each simulation trial is performed independently. Activation ratio is the
nondimensional number which is soleus activation with perturbation divided by the
one without perturbation. Therefore, activation ratio reflects the di↵erence between
the pedaling with and without perturbation.
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Figure 4.41: Activation ratio of a metabolic advantageous model. This model tries
to take advantage of eccentric contraction. Eccentric contraction generates force
with less metabolic energy. Thus, this model saves energy while simulating pedaling
movement. 0.1 sec crank torque perturbation window is applied from 0.05 sec to
0.85 sec with 0.2 sec increment. Activation is calculated 50ms after the completion
of each perturbation. Each simulation trial is performed independently. Activation
ratio is the nondimensional number which is soleus activation with perturbation
divided by the one without perturbation. Therefore, activation ratio reflects the
di↵erence between the pedaling with and without perturbation.
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Chapter 5

Discussion and conclusion

We would like to discuss our methods and results in relation to published papers

and possible future extension of the dissertation. There are also some issues in

our current computer simulation. Possible future solutions and directions are also

considered here.

5.1 Genetic algorithm is suitable for neural and biome-

chanical model

The combination of muscle and skeletal system, neural network, and genetic algo-

rithm always generated pedaling motion. When the earlier numerical optimization

is implemented to control the musculoskeletal system, the system sometimes ends

up with movement far from target motion. The system also sometimes blows up or

breaks mechanical constraints because of jerky movement, and it can not recover

from those states. However, such undesirable outcomes have not been observed by

using genetic algorithm.
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One of the major reasons for the convergence is that numerical optimization

progresses based on the gradient of the objective function [147], while genetic al-

gorithm does not use gradient information. When we deal with complex systems

that have many local maxima by using variations of gradient descent method, it is

necessary for us to start search process from near optimal point. Otherwise, op-

timal search likely ends up with one of local maxima near the initial guess. On

the other hand, genetic algorithm avoids this kind of consequence due to the fact

that the algorithm has many solution candidates when computation starts. There

is great possibility that updated population also covers large space, especially at

initial search process, because of crossover operation. Moreover, mutation prevents

the system from failing to look for other potential candidates even in the case that

the algorithm already has an excellent set of population. The genetic algorithm does

not face the similar issues to those of gradient descent type optimization because of

these important factors. When prior detailed knowledge of the system is available

or solution is more or less predictable, numerical optimization is still capable of

solving many problems. However, our research experience leads us to believe ge-

netic algorithm is ideal when we need to deal with complex systems such as neural

and biomechanical system, which probably includes elements of De Jong functions

described in section 4.1.

Another possible scenario for solving the problems presented in this research

was using backpropagation for learning of neural network. However there is an

undesirable aspect to use backpropagation in our system. Weights between network

nodes are updated when target outputs of neural network are given [29, 43, 56, 120].

However, we do not have target outputs for the neural network in our system.
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Outputs of the network are fed to ordinary di↵erential equations expressing muscle

and skeletal systems. Then, whether the simulation objective is satisfied is judged

by the resultant movement. Therefore, the rule of weight update would proceed

in the manner of the itemized boxes below if backpropagation were applied to the

present study.

Our initial attempts using this method did not work as good as the cases

with genetic algorithm, although there are successful reports using this approach

for arm movement [135, 136, 137]. It’s still necessary to calculate the gradient

of objective function (equation 5.4) with respect to weights between output and

hidden layers. Whether this method works well for the objective functions similar

to equations 4.3, 4.4, and 4.5 is not clear. Program codes tend to be more complex

due to gradient calculation too. We would like to state genetic algorithm is suitable

for our simulation based on these facts and our simulation experience.

One of convenient points in genetic algorithm is that it is less sensitive to

initial guess. Our one dimensional example in Figure 3.10 converges to the maximum

(Figure 3.11) regardless of the choice of initial population. Initial population is

random, and we do not need to have prior knowledge of the fitness function. This is

di↵erent from gradient descent type optimization. Numerical optimization is often

sensitive to initial guess, and randomly generated initial state does not work out

well in many cases. This fact holds true in De Jong functions (section 4.1) and our

pedaling simulation. Genetic algorithm is useful for the complex system like our

neural and biomechanical model because we do not need to pay much attention to

selection of initial guess.
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Adjust weights by

wij(t + �t) = wij(t) + �wij (5.1)

where wij(t+�t) is the updated weight; wij(t) is the previous weight; �wij

is the weight adjustment.

The weight adjustment is computed by

�wij = ⌘�jOi (5.2)

where ⌘ is a trial-independent learning rate (0 < ⌘ < 1); �j is the error

gradient at unit j. Oi is the output of an ith unit. Another version using a

momentum ↵(0 < ↵ < 1) maybe implemented for calculating �wij in the

following way.

wij(t + �t) = wij(t) + �wij + ↵ [wij(t)� wij(t��t)] (5.3)

The error gradient �j is given by

• For the output units: numerically calculate

�j =
@J

@wij
(5.4)

where J is the objective function.

• For the hidden units: Numerically calculate

�j = Oj(1�Oj)
X

k

�kwkj (5.5)

Repeat iterations until convergence in terms of the selected error criterion.
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Another attractive reason using genetic algorithm in this research is that it

is able to continue the search process with the presence of noise. We have demon-

strated a test case with noise (De Jong function 4, Figure 4.4) in section 4.1. When

random noise is added to a fitness function, genetic algorithm search still continues

to stay at near the maximum. This is an advantage in our system since we include

neural noise in the system. Not only does external noise to mechanoreceptors have

functional roles in the nervous system [88, 89], internal neural noise is thought to be

significant [73]. Thus, it is essential for us to have a scheme like genetic algorithm

that is able to take care of noise.

Additional unique feature of genetic algorithm is that search is still performed

in discontinuous function although this may not be relevant in this study. Our neural

node uses a sigmoid function (equation 3.10) for input and output relation, which

is continuous. However, action potential is fired in an on or o↵ manner depending

on the influx to neuron. When improving our computational neural node from

sigmoid function to the one close to real neuron, it is convenient for us to have an

algorithm which is able to take care of discontinuous function. Genetic algorithm is

an attractive solution for us from this perspective too.

There are some successful applications of genetic algorithm to human move-

ment science for di↵erent research objectives, and the present study will be an

addition to them. Rask et al. [117] applied the algorithm to study human upper ex-

tremity movement and the correlation between EMG and torque. Another research

in human locomotion showed genetic algorithm is useful to simulate gait [104]. Our

research is di↵erent from these in the point that our long term goal is bridging events

at cellular level such as action potential and neural noise with those at behavior level
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such as kinematics and dynamics of movement via systems neuroscience. van Soest

and Casius [145] earlier compared the search capacity of genetic algorithm, gradient

descent numerical optimization, and stimulated annealing for the application to hu-

man movement studies in sight. There are a few other studies that utilized genetic

algorithm in biomechanical studies [114, 128]. Our results showed genetic algorithm

is handy for not only computationally creating movement but also studying how

cellular activities a↵ect dynamics of movement.

With these in mind, we have plenty of reason to believe that genetic algo-

rithm is our best solution at this time. It has potential to deal with multiple local

maxima, noise, and discontinuity together in multidimensional space. Although

we apply genetic algorithm to the study at the system level of neuroscience, these

characteristics of genetic algorithm seem to be useful for research at cellular level

too.

5.2 Learning platforms: plain model, learning with per-

turbation, and learning with noise

As we have seen in the results (chapter 4), we trained the model in di↵erent ways

before conducting computational experiment; plain learning, learning with random

perturbation, and learning with internal neural noise. There is no extra elements in

plain learning. In other words, only the neural network, the muscle system, and the

skeletal system are involved in the learning process.

Learning with perturbation is developed under the idea that the compu-

tational model responds well to recover from perturbation e↵ects if it has prior
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perturbation experience. Artificial neural network improves its performance based

on learning experience [56]. Our perturbation model is also thought to do well. It is

similar to the idea that once we experience some kind of event, we are able to take

advantage of it in the future.

The third model including internal noise is based on the fact that external

and internal noise appears to have functional roles in the CNS [73, 89]. Well known

is that sensory system enhances detection capacity with addition of external noise

(stochastic resonance). It is caused by nonlinear characteristics of neurons. On the

contrary to general negative image of noise, external noise makes positive contri-

bution to sensory system. Based on this fact, Kosko [73] speculated that internal

noise inside the neural network might also have impacts in the CNS. With these

previously demonstrated results and ideas in mind, we added noise inside our arti-

ficial neural network to see if any interesting facts are discovered. Our model has

sensory feedback components that carry kinematic information of the skeletal sys-

tem. By adding random noise to the feedback loop, we are able to mimic biological

system and conduct computational experiment to see if random noise a↵ects system

behavior, in particular, system response to perturbation (Figure 5.1).

Our results in sections 4.2, 4.3, 4.5, and 4.7 show that all of our models

show successful learning. Plain model shows gradual learning process (Figure 4.6)

and demonstrated coordinated pedaling motion (Figure 4.7). Other cases with per-

turbation and noise also show successful learning progress too (sections 4.3, 4.5,

and 4.7). Although there is some di↵erence on how many generations are needed for

the completion of learning, it takes around 70 generations to observe convergence

in all cases.

138



skeletal system
muscle system

movement

activation

neural network

sensory information

OR

noise

normaluniform

Figure 5.1: Computational model structure with addition of internal neural noise.
Random noise is added to sensory feedback with either uniform or normal distribu-
tion. This structure is designed for studying how internal noise a↵ects movement
coordination.
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There are two learning procedures, but we have stayed with one of them

throughout this study. One is letting the model learn for one-half of a second at the

initial stage until it gets better movement. Then, simulation time is extended to

one second (one cycle of pedaling). The other way is the computation time is one

second from the start of training. Both ways work fine for learning pedaling motion.

However, the former generally uses less computation time for convergence. We use

the former in this study. This procedure is probably similar to our real learning

experience in our lesson of trying to ride on a bike for the first time. We learn the

first quarter or a half of one cycle when we start to learn pedaling and are later

able to complete one cycle and more. Therefore, we think that extending simulation

time step by step while learning is a reasonable choice considering computational

load and our life experience.

5.3 Adaptive behavior to perturbation

One of our goals for this research is developing a robust computational model that

is able to handle external mechanical perturbation. Our choice of perturbation is

applied to the crank resistant torque among many possibilities. For example, exter-

nal linear force may be applied to a point on the skeletal system as an alternative

disturbance. Other external forces are also possible. But it is convenient for us to

use the same type of perturbation since we want to compare perturbation e↵ects

between di↵erent models. Then, we decided to use perturbation around the crank

throughout this study.

Feedback control model is supposed to control movement in the case a system

encounters unexpected disturbance. Muscle itself is a visco-elastic material, and it
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responds to movement perturbation as a mechanical device. In addition to this

mechanical reaction, the CNS has numerous feedback loops to adjust movement.

It is certain the model is not able to recover from perturbation when no feedback

components are incorporated in the model. Input layer of neural network receives

ongoing kinematic information, and the neural network generates muscle activation

using feedback information. It is possible to find out the characteristics of feedback

control through our neural and biomechanical model.

Our plain model responds well against external mechanical perturbation

(Figure 4.13). Our model does not expect the timing and magnitude of pertur-

bation. In other words, we do not give any information to the model on when and

how perturbation is added. The model has not experienced perturbation during

learning phase, but it overcomes e↵ects of both small and large crank torque per-

turbation. These are somewhat surprising results. Our artificial neural network is

constructed based on learning experience [29, 40, 43, 56, 65, 120]. Thus, it is ex-

pected to be vulnerable to external perturbation. Contrary to this idea, our plain

model is capable of handling perturbation.

One of the answers to explain the gap between our results and initial thought

before computer simulation would be that the model has proprioceptive feedback

loop (Figure 3.1). The kinematic information is fed back to input layer of the neural

network, and it is processed in the network. The network appears to somehow

process it and maintain coordination.

Our models having prior perturbation experience overcome perturbation ef-

fects soon after it is applied, but the model often cannot maintain coordinated

movement later (Figure 4.14, 4.15, and 4.16). In general, the model shows better
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response against smaller perturbation than larger one. The fact that all of these

models have been exposed to random perturbation during learning leads us to expect

the model shows better performance than the model without perturbation experi-

ence or comparable results to it. But that is not the case through our research. We

need future investigation in order to explain why some of experienced models do

not handle perturbation well.

Despite the above unresolved point, one case having large perturbation expe-

rience performs well compared to those that have smaller perturbation experience

(e.g. Figure 4.14 and 4.17). This comparison tells us that large random pertur-

bation experience during training appears to contribute to the model to continue

coordinated movement against unexpected mechanical disturbance. This probably

matches our empirical notion and is our initial thought before conducting compu-

tational experiment.

Computational responses to lower crank torque perturbation are great for

all three models that are trained with addition of uniform noise to sensory feedback

signals (Figure 4.22, 4.23, and 4.24). These are better than those models trained

with perturbation, and addition of internal neural noise appears to create a system

that is less susceptible to perturbation. Larger perturbation sometimes disturbs the

system performance, but they outperform the models trained with perturbation in

terms of recovery from perturbation.

Although analytical proof is ideal to study performance improvement, it is

very di�cult to do it because so many nonlinear di↵erential equations are involved

in the system description. Instead, we investigate system performance through

qualitative analysis using the results from computer simulation.
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As there is no direct evidence if noise description using uniform distribution

portrays the characteristics of neural noise and uncertainty, we also applied normal

distribution noise (Figure 4.29, 4.30, and 4.31). One case with the lowest standard

deviation shows poor performance, and the rest shows the comparable results to

those when uniform distribution is applied.

One issue we should address is that all the models went through learning

process to recover in one cycle. In other words, the model tries to return to the

target motion sooner than later. This strategy may be di↵erent from realistic human

motor control. Monosynaptic feedback loop at the spinal level returns signal to

lower extremity muscles about 50ms second later, but it takes a longer time for the

loops through the higher center of the CNS [67]. The cortex is certainly involved in

learning of movement [6]. In other words, there are quick and slow recovery schemes

in parallel to return to the target motion. Thus, instructing our computational

model to recover within a cycle can be modified in the future research. One way

would be giving a command to the model to slowly recover from the perturbation

e↵ects. Another possible solution would be inclusion of separate fast and slow

feedback loops. There is possibility of getting di↵erent kinds of results by choosing

these alternative ways.

Since our plain model is able to handle perturbation well, it is not fair to say

training with perturbation or noise improves recovery performance after unexpected

perturbation. However, it is reasonable to conclude that our models trained with

perturbation and noise also able to take care of unexpected perturbation.

Another possible analysis we may be able to add in the future is calculating

partial derivatives of outputs of the neural network with respect to context units
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of input layer. We can take a look at profiles of muscle activation sensitivity to

feedback signals. Neural nodes of our network have the same property unlike the

biological neural network, so it is not ideal to study the cellular behavior at the

level of each single neuron. However, network input and output relation is reliable

in our model. Such analysis will reveal how feedback signals are used to maintain

coordination. One possibility is some feedback components have significant roles

compared to the others. Another scenario is the map between feedback signals and

muscle activation is more evenly connected and distributed throughout the network.

Further recommended future direction is changing pedaling speed and ap-

plying the same computational procedure to di↵erent tasks [47, 57] to see if neu-

ral strategy of coordination changes. Spinal feedback patterns are di↵erent [15]

from static to fast pedaling motion. Also, feedback strategy changes depending on

tasks [67]. These mean that the CNS delivers di↵erent control strategies using the

same hardware. It is possible to expand our knowledge by changing cadence of

pedaling and choosing di↵erent movement task.

5.4 Muscle function: mechanical and neural perspec-

tives

One of the advantages of our model is we are able to investigate functions of muscle

from both mechanical and neural perspectives. Muscle is an actuator that applies

forces to the skeletal system. It has a visco-elastic mechanical property in addition

to force generation capacity upon receiving action potential from motor neurons.

Thus, we can say muscle is a mechanical device in this sense. On the other hand,
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muscle also includes sensory neurons and send ongoing movement information to the

neurons in the CNS. These signals are used for control and learning of movement.

This feature tells us that muscle is also a neural control device.

Each muscle group is di↵erent from others in terms of both mechanical and

neural factors in association with movement. Some muscles generate larger forces

than others. Some are biarticular while many span only one joint. Since we can

evaluate contribution of each muscle through mechanical analysis, it is possible for us

to identify roles of each muscle. One of the important points we should pay attention

to is a muscle group that is less significant from mechanical perspective might send

very important neural feedback signals from mechanoreceptors to the CNS. In other

words, there is great possibility that one may overlook the importance of neural

signals from a muscle group when only paying attention to mechanics. Present

model is able to see both features. Our model is able to investigate mechanical roles

by adding or removing a muscle group or changing muscle mechanical parameters.

Also, we can add or remove feedback loops in our investigation, and movement

sensitivity with respect to feedbacks can be calculated.

Present research and extension of our current model, including both mechan-

ical and neural aspects of movement, is expected to make contribution in engineering

and medical areas as our computational model takes care of both neural and biome-

chanical aspects of movement. For example, research in brain machine interface that

had medical application in sight showed significant improvement by showing cortical

signals can control robotic arms [101, 102, 150]. Further advancement of this kind

of technology probably needs knowledge on both the mechanical and neural roles of

muscle. Identification of muscle as a force actuator and neural control and learning
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device appears to be necessary. In addition to neural engineering, it is also thought

that our model makes contribution to the field of orthopedics. Melnyk et al. [84]

showed not only mechanical stability but also regaining feedback capability were

essential to recover functionality of knee joint after ACL reconstruction surgery.

Although our study does not pay attention to the detailed mechanical structure

of joints, our basic research framework can be applied to this type of research in

order to investigate both mechanical and neural characteristics. Looking at these

examples, we believe that the present computational model and its future extension

will be able to give a lot of insight into biomedical engineering.

5.5 Variability of movement

Variability is a very unique feature in the study of human movement. It has been

studied at both force and kinematic levels in the fields of motor control and biome-

chanics. For example, variability in force production was described by several

relationships between the standard deviation of peak force and the level of peak

force [20]. General trend is the standard deviation increases as the level of peak

force becomes higher. A classical example of movement variability at kinematic

level is speed-accuracy trade-o↵ [160]. Fitt’s law states a logarithmic relationship

between movement speed and geometry to describe speed-accuracy trade-o↵.

If these generally accepted ideas of movement variability are applicable to

various kinds of movement, we are supposed to see the same or at least similar

trends in pedaling motion too. For example, variability of movement should increase

as crank resistant torque becomes high based on the known relationship between

the standard deviation of peak force and the level of peak force. Likewise, this
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relationship may be seen when perturbation forces act on the skeletal system too.

Also, movement accuracy probably goes down when pedaling cadence is increased

based on the idea of speed-accuracy trade-o↵. Our model is developed to give a

systematic understanding to the experimental results of movement variability [20,

160].

Our computational pedaling motion does not need to repeat the exact same

movement. In other words, trajectories of lower extremities do not have to come back

to the same cycles. We would rather like to see some kind of movement variability

without loosing overall movement composure. Figure 5.2 shows generalized idea.

The black line can be the average trajectory over many trials. Or, it could be a

planned movement in the cortex before the execution of movement. It is probably

not necessary for the CNS to see real movement following the black line. It is fine

to move with some deviation from the line in our cognition. We are not certain at

this moment what kind of statistical distribution is the best description for human

movement. Normal distribution is chosen in Figure 5.2 as our candidate for now

to continue discussion, but other types of distribution may fit better. Theoretically

speaking, normal distribution does not completely exclude a trajectory that is very

far from the black line. But it happens with very low probability. Trajectories are

most likely within the neighborhood of the black line. This is one of the features we

intended to include in our computational model.

Not only is our concept derived from experimental results [20, 160] but also

it agrees with our life experience. For example, we we do not fall down often in

our daily walking, but anyone has a very rare case of bad experience by loosing

coordination even without any disturbance. We occasionally write a very distorted
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Figure 5.2: General concept of movement variability. Human movement is not
executed the exactly same way and has some distribution. Distribution patterns
change depending on speed, force level, and other factors [99]. One of the goals of
this study is including this feature into the computational model.
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letter without any intention while letter’s shape is fine for the most cases. These

daily experiences are explained by the idea in Figure 5.2. People fall down more often

when they get older, and neurological disorder patients also show larger distribution

in movement. Therefore, this generalized idea is useful for not only research but

also medical applications and rehabilitation.

Our model demonstrated this feature in phase plane analysis (section 4.9).

Two dimensional trajectories between two joint angles are di↵erent from cycle to

cycle, but most of them maintain general coordinated movement. These results

correspond to the idea in Figure 5.2 that our simulation results stay inside the gray

zone around the black line. Present model describes this feature in many computer

simulation cases, including the models with or without perturbation. Also, those

trained with addition of di↵erent types of noise are able to demonstrate this feature.

This concept is probably relevant to neural plasticity too. The CNS always

changes its structure and does not maintain the same hardware. Neurons die and

do not regenerate in biological neural network with a few exceptions such as the

olfactory system. Also, network connectivity between neurons changes. Yet, the

CNS maintains our general movement pattern with altered hardware. This means

the CNS changes its structure while maintaining general capacity to execute move-

ment. For example, death of neurons that are involved in motor control changes

resultant movement, but trajectories are likely to stay in the gray neighborhood

(Figure 5.2). Changes of connection between neurons will change movement, but

it probably stays inside the gray zone (Figure 5.2). Di↵erent movement patterns

caused by these hardware structure changes give the CNS di↵erent views and per-

spectives without complete failure, and they are perhaps used for learning later.
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Variability related to neural plasticity is probably a resource for further develop-

ment of the CNS. Our results show variability in di↵erent learning conditions and

application of perturbation. We did not get into detailed discussion about the re-

lationship between variability and neural plasticity in this research. However, it is

certainly an interesting area to explore at both cellular and system levels in the

future by using extended models from this study.

5.6 Roles of noise in movement coordination

The idea of adding noise to the artificial neural network comes from experimental

results in cellular and molecular neuroscience. Adding noise to the mechanorecep-

tors of crayfish benefits signal detection of surrounding environment [32]. Noise is

unwanted product and has a negative image in general, but that is not the case for

the sensory system of crayfish. The crayfish experiment deals with external noise,

but noise inside the CNS is thought to have some functional meanings too [73].

Unreliable synaptic transmission between neurons [72] is another reason to add un-

predictable feature by adding noise to our computational model. In addition, a

molecular biology experiment showed noisy neurons survive longer [77]. It indicates

that neurons do not have to be accurate and that noisy neurons may be necessary

in learning and development of the neural system.

Enhanced signal detection capability of the crayfish mechanoreceptors is ex-

plained by the idea of stochastic resonance (Figure 5.3). Top figure is an input and

output step function with the threshold at the input level 2.2. Left two graphs at

the bottom shows that sin(x)+1 does not reach the threshold and that output ends

up with 0 all the time. However, adding noise with uniform distribution [-0.3,0.3]
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to the sine curve, peaks of the curve can be over the threshold. Then, output sig-

nal indicates the peaks of the baseline sine signal (The two figures on the right in

Figure 5.3). This is the basic mechanism of stochastic resonance. Since action po-

tential is fired on or o↵ manner, this threshold function mimics what happens at

each single neuron. Mechanoreceptors of crayfish take advantage of this mechanism

to sense external environment [89]. As we can tell from Figure 5.3, output stays the

same as the one without noise when noise is too small to reach the threshold. When

noise is too large, output is likely to be 1 for the most of the period. Few signal

characteristics of the baseline signal is transferred as output. Therefore, appropri-

ate magnitude of noise is necessary to take advantage of the stochastic resonance

mechanism.

Synaptic transmission is unreliable between neurons. Since the probability

of synaptic release is involved in it, postsynaptic current is not decided in a deter-

ministic way. Adding noise to the artificial neural network is interesting because

it somehow mimics this probabilistic nature between neurons. Our model does not

include cellular details and cannot separate one factor from another. Instead, we

attempted to see if there are some interesting facts by describing these phenomenon

with noise with uniform or normal distribution.

Our results in section from 4.5 to 4.8 showed our model is able to learn

and control pedaling movement with the presence of noise. There is no noticeable

di↵erence between uniform and normal distribution. But when larger distribution

is used, the model is able to maintain coordination longer. Our successful point is

that we have created the model that includes noise and performs pedaling motion

in various conditions including perturbation.
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Figure 5.3: Basic description of stochastic resonance. Top graph shows a step
function for input and output relation. Threshold is 2.2. When there is no random
noise, the baseline signal of sin(x) + 1 does not reach the threshold. Output is 0
for the entire period. However, applying random uniform noise [-0.3,0.3] to the sine
curve, all peaks are detected in output. Stochastic resonance is observed at cellular
level of neuroscience [89].
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One of our future directions is focusing on a particular root in the neural

network and studying how stochastic resonance functions in the model. Input and

output function in our current neural node is a sigmoid function, therefore the

system does not work out exactly the same way as in Figure 5.3. However, our

model still has potential to explore the e↵ects of stochastic resonance. As we showed

in Figure 4.3, genetic algorithm is able to deal with step function too. Thus, it is

probably worth it to include an input and output step function in the model for

further research. Focusing on one neuron and including more details at cellular

level instead of studying the whole network are future options, and they are expected

to reveal the mechanisms and functions involving noise, stochastic resonance, and

uncertainty.

5.7 Why is spinal feedback gain modulated?

One of our goals set at the initial stage of this research (chapter 1) was delineating the

role of spinal feedback gain modulation during pedaling. Generally speaking, soleus

spinal feedback gain is higher while crank is near the top position (Figure 5.4). This

gain is usually measured by H-reflex experiment in systems neuroscience. On the

other hand, gain stays at the same level when the experimental subject is instructed

to maintain static positions. Similar phase dependent gain modulation has been

measured by stretch reflex experiment too [4]. Also, similar task dependent reflex

gain di↵erence is reported in beam and normal walking by Llewellyn et al. [78].

However, systematic understanding of this phenomenon has not been reported yet,

and it is interesting for us to reveal the mechanism behind this.

In addition, gain modulation in pedaling is cadence dependent as in Fig-
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Figure 5.4: Schematic diagram of soleus spinal gain modulation based on Brooke et
al. [15]. Measured feedback gain stays at the same level through the crank position
from 0(deg) to 360(deg) without dynamic movement (solid line). However, gain
pattern while active pedaling is modulated depending on body and crank position
(dashed line). This investigation indicates that the CNS uses two di↵erent infor-
mation process procedures using the same neural network. One can speculate there
should be some kind of advantage each case in terms of motion control.

ure 5.5. Gain is the highest at the static position, and it decreases as cadence

becomes higher. This previously reported experiment in neuroscience essentially

says that feedback scheme is shifted from one to the other depending on pedaling

speed. In other words, human employs di↵erent feedback schemes at di↵erent speed

even though maintaining similar pedaling movement pattern.

There are several possible reasons to explain gain modulation. One is the

biomechanical system tries to take advantage of feedback signal in terms of energy.

Stretched muscle fibers generate neural signals through a↵erent system. This elec-

trical event turns into mechanical energy upon muscle contraction when signal is fed

back to the same muscle. Thus, energy is recycled locally through this loop. Second

possible scenario would be the neural and biomechanical system tries to stay inside
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Figure 5.5: General trend of feedback gain decrease with cadence increase [15]. Gain
is the highest when all extremities are static while it is low at 90 revolutions per
minute(rpm). Gain is not only modulated (Figure 5.4) but also decreases while
cadence goes up.

the stable region. The system is nonlinear and possibly unstable at many di↵erent

states. This fact leads us to speculate that gain is modulated in order to keep the

best system stability so that pedaling movement is repeatable and adaptable. Third

possible reason is that gain modulation is somehow related to neural noise. External

noise has clear functional roles in sensory system [89], and Kosko mentioned that

internal noise may have significant functional roles in the CNS [73] too. Feedback

gain modulation may be a mechanism to deal with neural noise.

Although various attempts have been made to find out the mechanism be-

hind gain change, we have not been able to reach a systematic understanding with

the current version of our computational model. Our aim was obtaining a similar

gain modulation pattern through computation such as the one seen in Figure 5.4.

However, our model was not able to create this trend. Our models that included

mechanical perturbation and noise maintained pedaling movement. Therefore, the
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system utilized a↵erent feedback signals in order to achieve coordinated movement,

and our computational model is successful in this sense. But when focusing on

feedback gain modulation pattern, unfortunately our model still does not create the

same results measured by neuroscience experiments.

Thus, it is not possible to identify the roles of feedback gain modulation with

our current computational model. With successful computational results, we will

be able to conduct further investigation to determine what are the purpose of gain

modulation among our possible explanations, which are energy consumption, system

stability, or noise. We would like to leave this portion as a continuing research topic

for now, and we hope to find the answer to this question in future research e↵orts.

5.8 Conclusion

First conclusion we have been able to reach is that our genetic algorithm program

is quite useful to let neural and biomechanical models learn movement. Since our

model, including neural network and musculoskeletal system, is nonlinear, it is not

easy to numerically get convergence. In fact, we initially tried to create movement

using numerical optimization. However, our repeated attempts were not success-

ful. Our next computer program incorporated backpropagation in order to create

pedaling movement. This program was not successful either. Although we saw

general trend of convergence throughout learning process, it often ended up with

uncoordinated movement. These methods are often very useful in many engineering

problems. But we judged that we would need a more robust program in order to

create pedaling movement and analyze neural feedback. Our third candidate was

genetic algorithm, and we were finally able to control our system including neural
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and biomechanical components. This is due to the robust nature of genetic algo-

rithm. As we have seen in sections 3.3.2 and 4.1, the algorithm is successfully able

to find the maximum despite the presence of multiple local maxima, discontinuity,

and noise. We are able to state genetic algorithm is very useful for our purpose.

Next conclusion is our learned neural and biomechanical model can handle

mechanical perturbation and neural noise. Our biological neural system is able to

maintain coordinated movement with existence of external mechanical perturbation.

Also, biological neural network does not precisely repeat the same behavior even un-

der the controlled environment and rather behaves in probabilistic manner. Adding

perturbation and noise is mimicking these features. Our results indicate that the

models after learning through genetic algorithm are able to overcome mechanical

perturbation around the crank and internal neural noise. Our perturbation and

noise added to the system has a di↵erent profile from one case to another. Although

the learned control system shows poor results in a few cases, most of our results

show that neural and biomechanical system including feedback loop can overcome

the e↵ects of perturbation and neural noise. Despite the fact that we did not get into

detailed analyses of feedback schemes against perturbation and neural noise, devel-

oped models in this research have potential for further analysis of neural feedback

and roles of noise in control [73].

Our third conclusion is that our model can demonstrate variability, which is

inherent nature of movement. Movement repetition in gait, pedaling, and hand path

between two points do not follow the exact same trajectory trial after trial. Our

model is able to mimic it by generating di↵erent trajectories with small distribution

while maintaining overall coordinated movement. It is not clear at this point that we
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should take movement variability as desired or unwanted feature in terms of system

control. However, we can identify our results as successful by computing cyclic

pedaling movement with certain distribution. Continuing development of existing

models will probably reveal more precise mechanisms of movement variability.

Final conclusion is we have come a little short of revealing the roles of spinal

feedback gain modulation during pedaling. One of the interesting facts in neu-

roscience experiment is feedback gain stays at the same level in di↵erent static

positions while gain fluctuates with pedaling kinematics while dynamic pedaling

(Figure 5.4). Our model certainly includes neural feedback components. However,

the model was not capable of showing typical gain modulation pattern. Thus, we

can not systematically investigate roles of gain modulation at this point. Since our

model includes basic components for analyzing gain modulation, we believe it is pos-

sible to investigate more detailed mechanism by tuning existing models and further

development.

Overall, this research has successfully developed computational program in-

cluding muscle and skeletal systems, neural network, and genetic algorithm. De-

veloped programs can not only simulate multiple pedaling cycles but also handle

mechanical perturbation and neural noise. They are also able to generate repeated

pedaling motion with variability. Despite the shortcoming of gain modulation anal-

ysis, our computational program is able to show many essential neural and biome-

chanical features. We believe that future extension of this research will delineate

more results in relation to feedback control of movement, variability, spinal gain

modulation, and neural noise.
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